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ABSTRACT
HEAT STRESS VULNERABILITY: ANALYZING THE SOCIO-ENVIRONMENTAL
FACTORS INFLUENCING HEAT STRESS HOSPITAL VISITS AND IMPLEMENTATION
OF GREEN INFRASTRUCTURE IN NEW YORK CITY
by
Jose Pillich
Advisor: Professor Yehuda Klein

The goal of this study was to identify factors leading to heat stress hospitalizations visits
in New York City through the use of climatological and social science data, thus enabling greater
targeting of individuals and groups with heightened vulnerability to extreme heat. Recent
research has established that climate change will increase overall temperatures in New York City
in the future. Heat waves are predicted to increase in frequency and severity, adversely impacting
public health and increasing heat vulnerability that could lead to heat stroke or other
comorbidities. This dissertation takes into account existing data to generate a new model that
seeks to answer the following fundamental research question: How do social vulnerability and
environmental risk factors independently impact heat stress hospitalization visits in New York
City? In order to address this question I created and tested the efficacy of a new regression model
called the Heat Multiplicative Model (HMM) technique using NYC as a case study. The primary
contribution of this model is the combined use of temperature data derived from two sources:
space-based remotely-sensed moderate-resolution land data from Landsat satellite imagery and
ambient temperature data from ground sensors, both of which are multiplied by social and
environmental factors to develop new weighted factors that may be useful for public health
research. HAM with the three variables (including Landsat) emerged as the better model because
the components of the regression exhibited the correct variable interactions and were statistically
significant. In conclusion, it appears there might be some slight value to utilizing two
temperature variables within the regression to improve the R-square.
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Chapter 1
Background and Rationale
By the year 2050, 66 percent of the world’s population will reside in a metropolis (United
Nations, 2014b). In 2014, North America’s urban population already stood at around 82 percent
of all U.S. residents (United Nations, 2014b). The population in New York City is expected to
reach around 9 million by 2020 (The City of New York, 2013c). The history of urbanization in
New York City and other urban regions across the globe reflects a series of economic,
technological, and social transformations (United Nations, 2014a). One perspective on the future
is that rapid growth and population increases will cause a range of urban challenges such as
pollution (Alberti, 2005; Grimmond, 2007; Martinez-Zarsoso, 2011; Yang, Yue, Xu, Wu, & He,
2014) and magnify the impacts of environmental hazards. Even dating back to a United Nations
report of 1995, “The Challenge of Urbanization: The World's Large Cities,” the primary
challenge associated with rapid urbanization was seen as the risk that master plans did not
appropriately project increasing populations. When an unexpected increase in a city’s population
occurs, planners and other important stakeholders are unable to address existing challenges. In
combination, the increase in ridership and little capital investments have led to many challenges
for riders such as delays, overcrowding and even accidents. Equally important are other
problems that could arise from rapid unexpected population increase, such as social instability,
weakened infrastructure, and increase in negative public health outcomes and residents’ inability
to adequately recover from extreme events such as from heat waves or hurricanes in cities.
Climate Change Impacts in New York City
Climate change is the statistical change of climate over a period of time impacting such
factors as temperature, precipitation, and wind patterns (Intergovernmental Panel on Climate
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Change, 2007). Global warming refers to an increase of global mean temperatures primarily
caused by the release of greenhouse gases (Intergovernmental Panel on Climate Change, 2007).
Both historical data and current observations indicate that New York City’s climate is changing.
Temperature and precipitation trends indicate a steady increase over the last few decades. From
1900 to 2011, the average temperature in New York City increased 4.4oF. In the same period,
precipitation increased 7.7 inches or roughly about 1.4 percent per decade (The City of New
York, 2013a).
According to the New York City Panel on Climate Change (NPCC) the models are predicting
a new normal: a rise in temperature and precipitation, accompanied by more intense and frequent
heat waves, rainstorms, and coastal flooding (The City of New York, 2013a). From 1971 to
2001, for example, New York City averaged 18 days per year of temperatures around 90oF and
13 days over 100oF, with two heat waves. Global climate models (GCMs) project that by the
2020s, the middle range temperature will be 2.0oF to 3.0oF higher and the high range will be
3.0oF higher, and by the 2050s, the middle range temperature will be 4.0oF to 5.5oF higher and
the high range will be 6.5oF higher (Horton, et al., 2013). Further, the NPCC projects that by the
2050s, heat waves will become more frequent, more in intense, and longer in duration (The City
of New York, 2013a). Environmental hazards will be magnified by increasing urbanization, thus
intensifying the risk to already vulnerable populations in New York City.
Climate Change, Public Health, and Extreme Heat
Taken together, climate change and associated extreme weather events have had serious
adverse public health outcomes, and there is every indication that the trend will continue. The
World Health Organization estimated that as of the year 2000, about 150,000 people around the
globe died annually as a result of climatic changes that had occurred since the mid-1970s (World
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Health Organization, 2017). It is often assumed that extreme weather events, such as hurricanes,
cause the greatest number of fatalities. In 2012, Hurricane Sandy (which has been linked to
climate change by the nature of its storm surge and associated damage) caused about 97 deaths
(The City of New York, 2013a; Cowan, Goldstein, Goodman, Keller, & Silva, 2012). Between
1979 and 2003, however, “heat killed 8,015 Americans – more than hurricanes, lightning,
tornadoes, floods and earthquake combined” (Kinney et al., 2015, p. 5). Further, extreme high
temperatures events may be a silent killer, given the influence they have on other pre-existing
diseases, such as heart disease (Semenza, 1999), whose impact is only realized later. Therefore,
planners must not only seek to forecast heat waves but identify populations vulnerable to this
potentially life-threatening environmental hazard.
Differences in Heat Stress Vulnerability
The vulnerability of an individual to heat stress may be described as an increased risk of
heat stress due to a combination of prolonged exposure to increased temperature and
susceptibility of impact due to particular population characteristics. Some populations, among
them the elderly, young children, and low-income individuals, tend to be more vulnerable to heat
wave risks or increased temperatures (Harlan, Declet-Barreto, Stefanov, & Petitti, 2016) than
young adult and especially, affluent populations. Vulnerability differences, then, are largely a
function of socioeconomic variables, proximity to certain thermal characteristics such as urban
heat islands, and public health factors. In regard to socioeconomic characteristics, variables like
income and education level are excellent proxies for vulnerability because they represent greater
resources by which to minimize vulnerability. As for thermal proximity, individuals or
communities that reside near urban heat island tend to have a higher exposure to public health
issues. Individuals who are excessively exposed to heat can develop heat stress and heat stroke,
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which can lead to premature death (Rosenthal, Kinney, & Metzger, 2014). Further, in areas
where individuals are exposed to public health risks like air pollution, the vulnerability is
heightened even more.
From a spatial perspective, the public health impacts of extreme heat are not evenly
distributed throughout an urban population (Bao, Li, & Yu, 2015). In fact, the geospatial
distributions of public health outcomes tend to be inversely related to socioeconomic variables.
For example, a census tract that is more affluent tends to have less adverse public health
outcomes than a poorer area. As cities' populations expand, urban designers must strive to
identify such areas in order to create locations that promote the resiliency of residents. Climate
adaptation plans are among the main policy tools that allow urban designers to shape the city in a
more sustainable manner. A number of sustainability initiatives, like developing green
infrastructure, are solutions that make the urban landscape more livable for residents from a
thermal perspective.
Climate Adaptation Plans
In the 1987 report Our Common Future (also known as the Brundtland Report), the
authors coined the term, “sustainable development.” They defined sustainable development as
“development that meets the needs of the present without compromising the ability of future
generations to meet their own needs” (p. 11). In the past, environmental protection and
economic development were seen as incompatible concepts. Environmentalists tended not to
believe that economic growth, which at times involves physical development, was compatible
with environmental stewardship. For their part, developers saw being “green” as being
inefficient, uncompetitive, or economically costly (Kaplowitz, Lupi, Yaboah, & Thorp, 2011).
Gradually, however, these connotations began to shift as environmental policies came to be
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seen as a tool for simultaneously improving the environment and reaping future economic
benefits. The concept of livable cities became popular, thus opening the possibility of building
in a way that remained consistent with some environmental priorities.
Soon, countries around the world began to take a greater interest in developing in a
more sustainable manner. Climate adaptation plans, which seek to provide the kinds of urban
infrastructures that residents will need in the future, are offshoots of this general trend. Such
plans take into account future development, and also envision urban design that mitigates the
environmental risks of a changing climate (Solecki, Leichenko, & O'Brien, 2011). In Sydney,
Australia, for example, the climate adaptation plans focus on heatwave response, flood
management, and sea level rise adaptation (Sydney Municipal Government, 2016). The city of
London has focused on retrofitting buildings to increase energy efficiency, greening the city
with more vegetation, and improving the general air quality. In 2007, under the leadership of
Michael Bloomberg, the city of New York released PlaNYC, a planning document designed to
identify housing, transportation, energy, and other strategies that would increase the resiliency
and sustainability of the city.
Heat-Related Challenges Facing New York City
In New York City, climate change associated extreme heat events, coupled with
population growth and landcover change, are key environmental stressors leading to heat stressrelated morbidity and mortality. The increased population of the city equates to greater potential
for more people to be at risk of heat vulnerability. In addition, population increases lead to
anthropogenic changes to land surfaces. In New York City, the principle of the urban heat island
is at play. The notion of the urban heat island refers to "elevated air temperatures in urbanized
areas relative to surrounding rural areas" (Corburn, 2008). Land surfaces that are converted from
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vegetation to construct buildings become thermal sinks that generate heat waste, thereby
contributing to higher ambient temperatures (Shahmohamadi, Che-Ani, Maulud, Tawil, &
Abdullah, 2011). In combination with these land surface changes, climate change increases the
frequency of heat waves, thus intensifying the urban heat island impact for particular cities
(Corburn, 2008) as well as adverse public health impacts. The relationship between elevated
temperatures and adverse public health outcomes such as asthma, heart attacks, and consequent
increases in mortality is evident in studies dating back as far as the early 1970s (Basu, 2002).
Research Goals and Objectives
The goal of this study was to identify factors leading to heat stress hospitalizations visits
in New York City through the use of climatological and social science data, thus enabling greater
targeting of individuals and groups with heightened vulnerability to extreme heat. Recent
research has established that climate change will increase overall temperatures in New York City
in the future (City of New York, 2015a). Heat waves are predicted to increase in frequency and
severity, adversely impacting public health and increasing heat vulnerability that could lead to
heat stroke or other comorbidities. This dissertation takes into account existing data to generate a
new model that seeks to answer the following fundamental research question:
How do social vulnerability and environmental risk factors independently impact heat
stress hospitalization visits in New York City?
In order to address this question I created and tested the efficacy of a new
regression model called the Heat Multiplicative Model (HMM) technique using NYC as a case
study. The primary contribution of this model is the combined use of temperature data derived
from two sources: space-based remotely-sensed moderate-resolution land data from Landsat
satellite imagery and ambient temperature data from ground sensors, both of which are
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multiplied by social and environmental factors to develop new weighted factors that may be
useful for public health research.
This HMM approach is novel because typically, a single temperature dataset is utilized
due to temporal data resolution issues. The utilization of two temperature datasets provides the
opportunity to understand the overall impact of temperature upon residents. For example,
Landsat-derived temperature data represents radiant energy emanating from surfaces, while the
ambient sensors of the meteorological network represent air temperatures. Used in combination,
these two datasets account for the entire temperature impact that occurs on the human body. The
HMM spatial model temperature datasets are then multiplied against the social and
environmental factors giving an opportunity to understand the impact of this technique at
different scales. From spatial planning perspective, the objective is for the HMM model is to
improve the reliability in predicting the spatial and temporal variation in heat stress
hospitalizations in New York City.
The specific research objectives of this dissertation are as follows:
1. Construction of the HMM and comparison to a control regression model to understand
the environmental and social factors that contribute to heat stress hospitalization rates
2. Analysis of the influencing factors that increase vulnerability to heat stress in a
neighborhood and identification of a neighborhood that would potentially benefit from
the implementation of green infrastructure and the consequent lowering of ambient
temperatures
3. Review existing heat stress solutions and propose recommendations that could assist in
mitigating heat stress vulnerability in New York City
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In combination, these research objectives provide a holistic approach to identifying problems,
implementing a solution, and recommending potential recommendations that mitigate heat stress
vulnerability for New York City.
Construction and Validation of the Regression Models
Two multiple regression models will be utilized in this research. The HMM spatial model
is the primary contribution of this study since it will be used to identify and understand the
factors that influence heat stress hospitalization rates. The second multiple regression is what I
have called the Heat Additive Model (HAM), a model frequently utilized in public health
research that will serve as the control model. The use of two models will allow a comparison
that better illuminates differences in the performance of HMM. The regressions will utilize the
same data sources. Table 1 provides a detailed breakdown of the social-environmental variables
that will provide layers and related information for the construction and validation of the control
regression model.
Table 1
Primary Social-Environmental Variables Used in the Analysis
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Figures 1 and 2 provide examples of the primary maps/datasets used in the study: surface
temperatures derived from Landsat 8 and vegetation landcover. This data is composed of point
and polygon data. Each layer will be aggregated to United Hospital Fund zones.

Figure 1. Average surface temperatures derived from Landsat in UHF zones for New York City,
September 22, 2010 (Earthexplorer, 2010).
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Figure 2. 2010: New York City vegetation landcover, categories grouped into one layer. (New
York City Landcover Raster Data).
Control Multiple Regression Equation – Heat Additive Model
The control multiple regression equation is:
Hospitalization Rates = Air Temperature *c1 +Socioeconomic index *c2 + Vegetation Landcover *C3
Hospitalization Rates = dependent variables
Socioeconomic Index = independent variables
Vegetation Landcover = independent variable
Air Temperature = independent variables

Essentially, there are three variables and three coefficients that need to be solved to
understand the relationships using this model. In public health research, the regression typically
has only one temperature variable as opposed to that of the HMM model. The second variable is
an index composed of socioeconomic data generated from the United States Census Bureau.
Principle component analysis was utilized to generate the three top components that produced
the new socioeconomic index. The third variable is a New York City vegetation landcover layer.
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The Heat Multiplicative Model
In the second multiple regression model or Heat Multiplicative Model (HMM), one of the
novel approaches is using both temperature datasets as independent variables. The second
difference is that the temperature variables are multiplied against the socioeconomic and
environmental variables.
𝐻𝑜𝑠𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑒𝑠 = (𝐶1 ∗ 𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 + 𝐶2 ∗ 𝑆𝑢𝑟𝑓𝑎𝑐𝑒𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒) ∗ (𝐶3 ∗
𝑆𝑜𝑐𝑖𝑜𝑒𝑐𝑜𝑛𝑜𝑚𝑖𝑐𝑠 + 𝐶4 ∗ 𝑉𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛) = (𝐶1 ∗ 𝐶3 ∗ 𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 ∗ 𝑆𝑜𝑐𝑖𝑜𝑒𝑐𝑜𝑛𝑜𝑚𝑖𝑐𝑠 +
𝐶1 ∗ 𝐶4 ∗ 𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 ∗ Vegetation + 𝐶2 ∗ 𝐶3 ∗ S𝑢𝑟𝑓𝑎𝑐𝑒𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 ∗
𝑆𝑜𝑐𝑖𝑜𝑒𝑐𝑜𝑛𝑜𝑚𝑖𝑐𝑠 + 𝐶2 ∗ 𝐶4 ∗ S𝑢𝑟𝑓𝑎𝑐𝑒𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 ∗ 𝑉𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛 = 𝐾1 * (𝑇𝑒𝑚𝑝 ∗
𝑆𝑜𝑐𝑖𝑜) + 𝐾2 ∗ (𝑇𝑒𝑚𝑝 ∗ 𝑉𝑒𝑔) + 𝐾3∗ (𝑆𝑢𝑟𝑓 ∗ 𝑆𝑜𝑐𝑖𝑜) + 𝐾4 * (𝑆𝑢𝑟𝑓 ∗ 𝑉𝑒𝑔) = 𝑊ℎ𝑒𝑟𝑒 𝐾1 =
𝐶1 ∗ 𝐶3 , 𝐾2 = 𝐶1 ∗ 𝐶4 , 𝐾3 = 𝐶2 ∗ 𝐶3, and 𝐾4 = 𝐶2 ∗ 𝐶4

Typically, in the control multiple regression model, the researcher adds all the variables
together. With the HMM approach, the temperature dataset, which is the most fluctuating
variable and primary stressor leading to heat stress vulnerability, is multiplied against the other
values. With this new method, the new independent variables that are formed Temp*Socio,
Temp*Veg, Surf*Socio, and Surf*Veg are all impacted by the temperature signal. At the same
time, two temperature methods that are being used account for the full temperature impact that
occurs upon the human body. Furthermore, there can exist a considerable delta between air
temperature and surface temperatures. In other words, the use of both data datasets provides a
better representation of the impacts of temperature upon the body based on the changing
environment.
Identifying A Neighborhood for Green Infrastructure Using the HMM
In the second section, the research will focus on understanding the performance of HMM
model in relationship to the influencing factors impacting hospitalization rates. The analysis that
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will be conducted will seek to answer the following research question: What neighborhood has
the highest heat stress vulnerability in New York City?
For the purpose of this research, risk is defined as a neighborhood with a high number on
the socioeconomic index score coupled with a higher temperature. Green infrastructure provides
multi-faceted solutions and one of them is a reduction in ambient temperatures, which can
improve general public health. The analysis was designed to provide potential scenarios that can
be implemented throughout New York City.
Heat Stress Mitigation Policies for New York City
New York City is at the forefront of building resilient neighborhoods with its
sustainability plans, yet many opportunities for progressive change still exist. The third section
of this dissertation will review the policies and solutions implemented in New York City to
mitigate heat stress vulnerability. In conjunction with the data analysis, broad policy and urban
planning solutions will be recommended.
The following are a series of social, environmental, and infrastructural opportunities that can
be considered to further address this public health challenge:
•

Implementation of green infrastructure to lower ambient temperatures and improve air
quality

•

Software systems that monitor certain demographic populations by examining hospital
calls and temperatures in certain neighborhoods

•

Research demographic patterns within certain neighborhoods by using qualitative
techniques

•

Improve public health communication systems with the public
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Chapter 2
Literature Review
Public Health Implications of Climate Change and Extreme Heat
The public health implications of climate change, including extreme-heat-related deaths,
have remained a distant potentiality for some researchers (Cheng & Berry, 2012; Gosling, Lowe,
McGregor, Pelling, & Malamud, 2008; Hajat, Vardoulakis, Heaviside, & Eggen, 2014; Hess,
Eidson, Tlumak, Raab, & Luber, 2014). Overall, there is an inherent challenge in modeling the
potential health implications of climate change because “populations living in diverse, social,
economic, and physical conditions will be affected differently by climate changes" (McMichael,
2013). In other cases, researchers did not include in their predictive models the benefits of public
health adaptation strategies in mitigating the impacts of climate change (Cheng & Berry, 2012),
though some have argued that such tactics might not help as much as in the past (Hajat, et al.,
2014). Studies on future heat-related mortalities also may vary widely by the scale of the
research area.
Heat Projections for New York City
In the New York City region, the projections that have been estimated for heat-related
respiratory diseases and mortality are a cause for concern. From 1997 to 2006, natural cause
mortality increased in the region. In 2006, New York City had 46 confirmed heat strokes deaths
(Rosenthal, Kinney, & Metzger, 2014), and some have predicted that in the period 2080-2099,
respiratory admissions in the city will be 2 to 6 times greater than 1991-2004 (Lin et al., 2012;
Rosenthal, Kinney, & Metzger, 2014). According to some estimates (Knowlton et al., 2011),
heat-related mortality in the New York City region will increase by 70% compared to the 1990s.
While heat-related illnesses and deaths are considered preventable with appropriate behavioral
changes, such as the use of air-conditioning and proper hydration, climate change will
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nevertheless have far reaching impacts, including rising costs associated with heat-related public
health outcomes (Schmeltz, Petkova, & Gamble, 2016).
Heat Waves and Urban Heat Islands in New York City
Heat waves have been defined as “periods when the heat index is 100F or higher for one
or more days, or when the heat index is 95oF or higher for two or more consecutive days” (City
of New York, 2013, p. 99). Climate change models for New York City predict a total of more hot
days with greater heat intensity during heat waves, and longer periods of high heat (City of New
York, Extreme Heat, n.d.). Figure 3 shows the mean increase in the observed annual temperature
in New York City since 1900. Between 1956 and 2011, precipitation data, in particular, showed
the greatest the variability (City of New York, 2013).

Figure 3. Observed annual temperature increases in New York City, 1900-2010.
During heat waves, humidity is the most significant factor increasing a person’s
vulnerability to heat stress and illness (Anderson, Bell & Peng, 2013). Humidity refers to the
amount of moisture in the air. As the temperature increases, air is able to hold more moisture,
and this increase in humidity impairs the body’s ability to regulate heat, also making the
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surrounding air feel hotter. The measure of air temperature and humidity is known as the heat
index (Anderson et al., 2013).
Further, the temperatures may be exacerbated in certain areas due to factors like lack of
vegetation, increased building density, and the type of construction materials. Such factors then
create what have come to be known as "urban heat islands" (Yang, Qian, Song, & Zheng, 2016),
locations where "naturally vegetated surfaces – e.g., grass and tress [sic] – are replaced with nonreflective, water-resistant impervious surfaces that absorb a high percentage of incoming solar
radiation” (Kheyrodin, 2017, p. 17). The prevailing differences between air and surface
temperatures in urban heat islands contrast distinctly with locations outside the urban area
(Phelan, Kaloush, Miner, Golden, Phelan, Silvalll, & Taylor, 2015). Such regions not only
present environmental concerns but are associated with worsening air quality, as well as
increasing heat stress mortalities and general illness (Rosenzweig et al., 2006). In New York
City, poverty stricken areas are further challenged because these locations reside in areas that
tend to have less vegetation landcover and higher urban heat island temperatures (Rosenthal,
2010).
Urban heat islands are important phenomena because they amplify the increases in
temperature already occurring due to climate change, thus creating greater public health
concerns. From both environmental planning and public health perspectives, the problems facing
New York City, as an urban heat island, are substantial. Further, should the population of New
York City continue to increase, the additional buildings needed to satisfy demand will exacerbate
public health challenges.
Measuring and Mapping Heat-Related Vulnerability
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Vulnerability mapping is a tool that helps public health specialists understand the spatial
patterns of public health issues in a community. In vulnerability mapping, GIS technology,
along with remote sensing, are leveraged to obtain data that can be used to identify various risks.
As a technique that provides one metric representing “the summation of all risk and protective
factors that ultimately determine whether an individual or subpopulation experience adverse
health outcomes” (O’Neill et al., 2009), vulnerability mapping is highly interdisciplinary in
scope. The technique entails using environmental and socioeconomic variables to construct a
geospatial index that spatially identifies locations of lower or higher vulnerability in a specific
area. One of the primary socioeconomic datasets utilized in the creation of the index is
demographic data obtained from the U.S. Census Bureau.
Researchers employ a series of techniques, such as regression models and principle
component analysis, to weigh variables within the index and identify the most vulnerable
populations (Manangan, 2014). (In conducting vulnerability research, the selection and
appropriate weighting of variables is based on the expertise of the researcher since a generallyaccepted weighting technique has not been standardized by the research community.) For the
environmental variables portion of the index, researchers typically identify a statistical surface
layer using ambient temperature sensors or temperature readings derived from Landsat, a
satellite program of the United States government that provides moderate-resolution land remote
sensing data.
The use of Landsat imagery to characterize urbanized areas poses two challenges. Due to
the impact of weather, the Landsat imagery representation utilized for a particular day may be
affected by a draft of warmer or cooler air in a specific area. To counteract this problem, an
average may be calculated to eliminate outliers in the data. The second challenge to utilizing
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Landsat imagery in urban environments involves “different manmade materials with distinct
reflectance and thermal emission” (Chen et al., 2017), creating an identification problem in the
processing of the data. This problem arises when using a single-channel method due to the
uncertainty of urban surface emissivity estimation (Chen, et al., 2017).
The final step is combining the environmental and social variables to produce one metric
for vulnerability and project it onto a map. The United Nations has represented the formula for
measuring vulnerability in this way:
Vulnerability = risk + inability to cope
One of the main challenges in vulnerability mapping is the selection of the appropriate
demographic data for modeling purposes. Should a researcher use present or past data? Some
researchers (Petkova et al., 2016) have resolved this challenge of whether to use past or present
data to make comprehensive projections of urban heat-related mortality by using multiple
population, adaptation, and climate scenarios in order to understand the potential range of
variation in their forecasts. Unlike some journal articles on avoiding heat-related mortality
through climate adaptation strategies, the researchers do not take into account potential
demographic shifts because they rely on baseline incidence rates in mortality associated to
temperature (Stone, 2014). One argument is that the modeler should provide different population
scenarios that could account for potential changes in future population distributions. The
challenges of modeling vulnerability are further compounded when factoring social adaptation
into future public health projections. In a study of excessive heat and respiratory hospitalizations
in New York State, researchers seeking to estimate current and future public health burdens
related to climate change, (Lin et al., 2012) noted that most studies failed to account “for
possible physiological and behavioral adaptation to extreme heat” (p. 1575). Tan (2008) found,
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for example, that air conditioners as an intervention measure proved effective in lowering
mortality during heat waves. Research that does not adjust for such social adaptations will not
result in the most accurate predictions.
In heat vulnerability research, temperature datasets tend to be limited to one layer within
the analysis taken either from ambient temperature sensors or Landsat-derived temperature
readings. Despite the expected high correlation between Landsat surface temperatures and
ambient sensors only one dataset is used, typically due to availability issues. The two
temperature datasets are rarely merged together. Johnson and colleagues (2012) reported on the
development of an applied extreme heat vulnerability index that combined socioeconomic and
environmental data. The researchers examined the relationship between the incidence of heat
wave mortality that occurred in Chicago in 1995 and Landsat surface temperatures at the time.
The limitation of their approach was the assumption that other datasets, such as the heat index
formula and ambient temperature, would lead to stronger statistical findings. In fact, Landsat
imagery cannot be used to derive a heat index formula, which has emerged as an indicator for the
risk people face from environmental heat sources (Anderson et al., 2013). The heat index
formula utilizes temperature and humidity, essentially modeling the interaction between the
human body and the environment. New and emerging technologies, however, make it possible
for researchers to find more ways to examine novel factors influencing heat stress vulnerability.
In fact, real-time systems have been designed and implemented to actively monitor
meteorological conditions and provide forecasts and alerts based on the relevant indicators that
impact particular heat vulnerable populations (Toutant, Gosselin, Bélanger, Bustinza, & Rivest,
2011). To some extent, New York City’s reliance on data analytics and environmental sensors
provides greater opportunity to conduct public health research. For example, NYCMetNet is a
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meteorological network that provides data on a host of environmental data conditions, including
temperature readings. The next step is developing systems that are specialized for the purpose of
identifying potential heat stress vulnerability areas, thus expanding the public health system.
In the last decade, public health researchers have been using ambient temperature sensors
and remote sensing imagery to conduct public health research. Ambient temperature sensors
deployed in cities have been used to generate new datasets, such as the heat index. Further,
ambient temperature sensors provide accurate results at point locations, while not taking into
account atmospheric conditions (Hazaymeh & Hassan, 2015). These point location
measurements can be expanded using the geostatistical technique of kriging, which interpolates
values for an area based on point observations. As for the use of remote sensing, the deployment
of more satellites such as Landsat 8 has enhanced temporal and spatial resolution. The satellite
sensor data uses atmospheric inputs to generate the average Landsat surface temperature grids.
These satellite sensors have provided researchers with the opportunity to analyze urban
challenges such as the effects of urban heat islands, lack of vegetation, and increasing levels of
pollutants in cities (Hall, 2010).
A spatial-temporal fusion model is a method that can be used for environmental
modeling. It is based on the notion of fusing "low temporal/high-spatial resolution data with
high-temporal/low-spatial resolution data” (Hazameh, 2015). This technique has been applied to
evapotranspiration, urban heat islands, public health, and surface temperatures. Spatial-temporal
fusion models are not new for geospatial research but they are becoming more useful in the
public health field. In one study, researchers used a case-only approach to examine the individual
impacts of different temperature datasets on heat wave-related mortality in New York City from
2000 to 2011 (Madrigano, Ito, Johnson, Kinney, & Matte, 2015).
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The Heat Multiplicative Model Technique
The Heat Multiplicative Model (HMM) was developed for this study in order to
incorporate two temperature datasets and weigh the variables against each other. The model
represents a novel approach to the study of heat-related vulnerability, allowing researchers to
create new spatial variables while taking advantage of similar temporal data. The development of
new technologies allows for the merging of new datasets such as ambient temperatures sensors
and Landsat surface temperature data, a process that enhances temporal resolution. Such
temporal resolution enhancements generate data useful for developing a heat vulnerability
perspective. Landsat surface temperatures represent the thermal signature of the environment
over space, and ambient sensors reflect the surrounding air temperatures at a point. In
combination, these temperature composites represent the full environmental exposure impacting
a person in the course of a day.
The HMM approach is not simply limited to combining temperature datasets with similar
temporal resolutions. Rather, the Landsat surface temperature and the ambient temperature
sensors in the formula are multiplied against the socioeconomic and environmental variables that
represent each vector polygon. In effect, this method magnifies the impact of each temperature
vector, thereby providing a stronger temperature signal across the urban geography.
In the last few years, the commercial satellite imaging market has started to expand due
to the deployment of new satellites that can enhance temporal and spatial resolution for research
functions (Morgan, 2017). However, technological improvements and increased mapping studies
do not guarantee effective adaptive public health management policies that minimize heat stress
vulnerability. For the purpose of public health research, this increased imaging availability
provides more opportunities to align different datasets with similar temporal resolutions. Similar
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techniques like the HEC methodology will become more prevalent due to this increased
accessibility.
The HMM methodology of multiplying temperature data by social factors is a simple
technique that may be utilized for other variables. In other words, the identification of heat
stress vulnerable populations could be enhanced in other untested areas. In addition, this
dissertation makes a contribution by presenting a theory may be used to develop policies that
are more proactive in nature. Through the combining of finer temporal resolutions to generate
new spatial products, the data provide the ability for stakeholders to intervene at an earlier point
when health problems are emerging in real-time in certain communities.
Determinants of Heat Stress Vulnerability in New York City
The statistical correlation between high temperatures and mortality has been validated in
numerous studies (Curriero et al., 2002; Mazdiyasni, et al., 2017; Schuster, Honold, Lauf, &
Lakes, 2017). Within the health impacts literature, few studies have addressed the challenge of
identifying the underlying stressors that make individuals and subpopulations vulnerable to
increasing temperatures, however. Evidence suggests that the populations most vulnerable to
increases in temperatures are the elderly, children, disenfranchised socioeconomic groups,
individuals with poor health, and those in the vicinity of certain high-risk locations (Harlan,
Brazel, Prashad, Stefanov, & Larsen, 2006). Yet, researchers have yet to create a comprehensive
model that explains the factors leading to higher vulnerability in different locations (Schuster, et
al., 2017). Because formulas in the social sciences are more fluid than those in the physical
sciences, researchers studying heat-related vulnerability, particularly when focusing on specific
geographic locales, may find it difficult to meet a rigorous replication process.
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Consider the case of New York City. Unlike the residents of the southern U.S. who need
a vehicle to reach work or conduct everyday activities, the majority of New York City residents
are able to access public transportation to meet their needs. Thus, while a resident’s lack of a car
can be used as a proxy for lower economic attainment in the southern states, vehicular ownership
is not a valid representative factor in a comprehensive model intended to cover all geographies. It
is important, then, to recognize the generalizability of particular factors when analyzing certain
socioeconomic data. Some variables may incorporate bias or introduce a weak correlation into
an analysis, particularly when conducting vulnerability and resiliency research. In this
dissertation, the risk factors or populations that were evaluated were appropriately selected for
the New York City context.
Framing Vulnerability of New York City
Vulnerability is an evolving term inherited mainly from the field of geography, where it
was intended to advance understanding of natural hazards and risk (Vogel, 2006). Although the
usage of “vulnerability” tends to be context-dependent, a number of underlying themes define
the term (Romero-Landkao, Qin, & Dickinson, 2012). Vulnerability can be classified according
to certain attributes that represent the ability of persons or groups to deal with and recover from
different challenges, such as natural hazards (Cornell, Maguire, Kasperski, Hoelting & Pollnac,
2016; Jacob, Weeks, Blount, & Jepson, 2012). These variables can be quantified in multiple
scales and then mapped to examine potential visual patterns. A thorough review of 80 journal
articles revealed nine variables representing decreased or increased vulnerability in a population:
1) total number of children under the age of five
2) total number of elderly over the age of 65
3) temperature readings from sensors and Landsat imagery
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4) vegetation landcover
5) educational attainment of the population
6) household income for the population
7) percentage breakdowns of race
8) percentage breakdowns of ethnicity
9) percent that owns property versus rents
If high vulnerability is the inability to adapt and recover from a particular stress,
resilience is the opposite. Like vulnerability, the term resilience has evolved in the last few
decades. One of the popular uses of the word originated from the research of psychologists and
psychiatrists to describe the mental health of an individual (Fleming & Ledogar, 2008). For
example, the American Psychological Association describes the term resilience as, “the
process of adapting well in the face of adversity, trauma, tragedy, threats or even significant
sources of stress” (Southwick, Bonanno, Masten, & Brick, 2014). In more recent times, the
term has been adapted to represent general health or the wellbeing of an entire community.
For this dissertation, the term resilience will be applied at the community level. There
are a number of terms used to define resilience. Biological, psychological, social, economical
and cultural factors are typically the determinants that allow individuals or communities to
respond to a stressor (Southwick et al., 2014). One of the more common definitions for
resiliency is “the process of adapting well in the face of adversity, trauma, tragedy, threats or
significant sources of stress” (Southwick, et al., 2014). In this dissertation, resiliency was
aggregated from a United Hospital Fund (UHF) spatial scale, in this way representing different
neighborhoods. Populations classified as more resilient are those with a higher income and
educational attainment. When these communities are impacted by extreme events (such as
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heat waves) they tend to have the financial resources (such as ownership of air conditioning)
that mitigate the environmental risk.
Demographics and Stress Factors
The comparison between high vulnerability and low resiliency can be defined as the
ability of the individual or community to reduce a risk. Locational risk of heat stress refers to
areas that have higher temperatures due to the urban heat island area effect (Lemonsu, Viguié,
Daniel, & Masson, 2015). The heat exposure is further compounded when areas have minimal
vegetation coverage (Vargo, Stone, Habeeb, Liu, & Russell, 2016). Landcover with minimal
vegetation is associated with increased ambient temperatures, leading to higher vulnerability or
comorbidities (Lemonsu, Viguie, Daniel & Masson, 2015). In other words, communities are not
resilient because they do not have the ability to mitigate rising temperatures. This lack of the
ability may be associated with a lack of financial resources with which to find solutions. In
communities that can be characterized as poor, people are typically renters rather than
homeowners and have lower incomes; they represent a higher percentage of minorities and tend
to have lower educational attainment (Kovats & Hajat, 2008). These are individuals who have
greater difficulty mitigating the risks associated with higher temperatures because they lack
access to the resources to do so, such as the ability to afford cooling devices within their
residences. Children and the elderly are similarly impacted because they cannot readily access
solutions that would provide lower ambient temperatures. Further, the physiology of these two
sensitive groups makes them more susceptible to heat risk. Thus, these demographic and
environmental factors were selected because of their potential for generating a strong statistical
signal for mapping heat stress vulnerability in New York City.
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A Review of Methodologies for the Construction of Social Vulnerability Indexes
Geospatial Methods
This dissertation utilized data obtained from Geographic Information Systems (GIS) and
remote sensing software with the goal of identifying heat stress vulnerability in various
populations in New York City. GIS software is an excellent tool for interdisciplinary
analysis because it can integrate data from different fields, such as sociology and
environmental science, and enable users to see the findings on a map. Combined with
remote sensing, that is, "the science of obtaining information about objects or areas from
a distance, typically from aircraft or satellites” (NOAA, 2009), GIS can be leveraged to
obtain data useful for vulnerability mapping, such as demographic data from the U.S.
Census Bureau. Vulnerability mapping is a method of measuring susceptibility that can be
“mapped, monitored, or quantified by means of survey” (Shah, 2015). As such, it
represents a valuable tool that can assist public health specialists in understanding the
spatial patterns of public health issues in a community.
Initial studies of remote sensing focused on the use of satellite imagery as a means of
better understanding and predicting poverty, socioeconomic variables, and the different types of
landcover (Lo, 1997; Lo & Faber, 1997; Hall, 2010). In the mid 1990s, remote sensing scientists
commenced studying the thermal characteristics of urban areas, in particular, the urban heat
island (Voogt & Oke, 2003). Around the same period, researchers began using remote sensing
methods to identify mosquito-borne diseases areas (Kelly, Blanchard, Kersten, & Koy, 2011).
As satellite imagery improved and new sensors were deployed, the intersection between the
social-environmental and health issues became evident. Essentially, GIS and remote sensing
provided an opportunity for social scientists and spatial experts to collaborate on a variety of
research themes involving social processes and human-environment interactions (Liverman,
1998).
The Social Vulnerability Index
The work of Cutter and colleagues (2003) introduced the “hazards-of-place” model,
which integrates social and biophysical elements influence vulnerability (Cutter, Boruff, &
Shirley, 2003; Willis & Fitton, 2016). The model was based on the assumption that certain
locations have a higher probability of environmental risk, thus framing the concept of place
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vulnerability. Cutter and colleagues subsequently developed a Social Vulnerability Index
(SOVI), a quantitative means of utilizing U.S. Census data to identify vulnerability based on
certain attributes on different scales. Certain socioeconomic attributes are highly correlated with
overall vulnerability before or after extreme events occur. Numerous researchers have adapted
the SOVI methodology to the study of environmental risk (Maier, et al., 2013; Pincetl, Chester &
Eisenman, 2016). This quantitative methodology has become the cornerstone of many studies in
which social vulnerability indexes play a role in many different types of urban studies research.
One researcher reviewed the construction of risk, resilience, and vulnerability indices in
106 composite methodologies (Beccari, 2016), and identified five categories of methods by
which indices are constructed: (1) Hierarchical/Deductive Methods, (2) Principal Component
Analysis, (3) Stakeholder Focused Methods, (4) Relational Analysis Methods, and (5) Novel
Statistical Methods. Hierarchical/Deductive methods combined variables based on the
underlying principle that certain inferences can be drawn by the arrangement of the variables in
simple indexes, weighted or multilevel models. The second technique is principal component
analysis, which is a statistical technique in which the researcher attempts to account for as much
variability as possible in the data by grouping data into components.
In conjunction with SOVI, principal component analysis has been used quite often in
vulnerability research. Stakeholder-focused methods are case studies examining the
vulnerability or resiliency of a certain area without the use of an index approach. Such methods
are not actively used in the literature but are a valuable type of research that should be expanded.
These qualitative techniques provide highly specific reports for communities. Relational
analysis methods construct an index using a regression to compare the correlations between
vulnerability inputs and disaster impacts. The last technique is a novel statistical method; an
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example is researchers developing simulations to produce the index. This method is less popular,
however, because of the lack of transparency in the index creation process.
Essentially, the slang computer science term “garbage in, garbage out” describes the
challenges of appropriately selecting the ideal variables for vulnerability indexes. Poorly selected
variables will lead to misleading results in the output of identification. The challenge at the
heart of such a process is the selection of variables, which is guided by the expert knowledge of
the researcher (Organization for Economic Cooperation and Development, 2008). The selection
of variables is also based on the data available to the researcher. The complexity of the indexdevelopment process is further compounded when having to choose from among the countless
possible techniques for building the composite indexes. Table 2 shows the most commonly used
techniques utilized for different vulnerability indexes.
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Table 2
Common Socioeconomic and Environmental Variables and Methods Composite Indicators
(Bao, Li, & Yu, 2015)
Socioeconomic

Environmental

Methods

infants, children, elderly, elderly
facilities, sex, ethnicity, race,
homeless, income, poverty line, per
capita income, education, house
ownership, rental households, central
AC, population density, general
health, non-English speaking,
inequality indexes, Gini-coefficient,
rate of health insurance, median
home value, and vehicle ownership

land surface
temperatures, hot
days, vegetation,
building age, mean
temperatures,
ambient
temperatures, heat
wave days, land
use

principal component
analysis, weighted average,
linear and clustering,
normalization, agent based
modeling, multiple linear
regression, sensitivity
analysis, hierarchy
process, factor analysis,
multivariable analysis,
min-max temperature,
conjoint analysis, SOVI

This table includes additional variables and methods and categorizes the variables as
socioeconomic or environmental factors. It provides a detailed sample of the numerous
selections a researcher must make in regard to data and methods.
The Validation of Vulnerability Indexes
In the literature on vulnerability indexes, numerous studies utilize composite indicators as
geospatial tools for exploratory data analysis. Geospatial tools, which map the results of
multiple combined variables, allow researchers to examine visual patterns that might be pertinent
to a hypothesis. As an exercise at the beginning of the research process, this step is important
because it provides a confirmation that the researcher should continue with their initial research.
If the data is available, vulnerability indexes should be validated by dependent variables in
comparison to the independent variables of a similar extreme event. Essentially, the validation is
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providing statistical evidence that the selected variables are representative of vulnerability for
that specific scale which in turn provides a predictive modeling aspect to the researcher (Fekete,
2009).
Sustainable Development as a Driving Force in Public Health
In 1987, the environmental movement framed a new mission based a "global agenda for
change” defined by the United Nation's Brundtland Commission, previously known as the World
Commission on Environment and Development (Brundtland Report, 1987). By the year 2000, the
General Assembly of the United Nations had proposed long-term environmental strategies
designed to mitigate damage to the environment in order to improve the quality of life for people
around the world. Many nations committed to accomplish these progressive goals, all united by the
underlying principle of more sustainable development for improved quality of life in each
constituent nation. According to the Brundtland Commission (1987), sustainable development is
“development that meets the needs of the present without compromising the ability of the future
generations to meet their own needs.” Despite the common support for the principle of sustainable
development, the members recognized the complexities of an intertwined society while also
recognizing we had to carefully manage its resources, because present choices could negatively
impact future generations. Even with the abstraction of the Commission's initial goal, it became
the salvo for environmental progress. Since then, the idea has emerged that “the "sustainability of
development depends on its ability to prevent new risk and the reduction of existing risk” (Third
United Nations World Conference on Disaster Risk Reduction Preparatory Committee, p. 4)..
The three pillars of this concept are economic, social, and environmental, and it is based on the
assumption that a balanced approached to future development should be framed with these in
mind.
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As global cities like New York began to embrace the concept of sustainability, municipal
governments began to develop sustainable environmental initiatives. Since the early 2000s, New
York City has become a model for such initiatives, beginning with the introduction of the
PlaNYC green initiative in 2007. The PlaNYC plans have sought to balance the need for
development while incorporating sustainability practices throughout the process. Members of a
variety of powerful constituencies—planners, politicians, educators, private sector, researchers,
and many others—have come together under this vision to accomplish a set of environmental
goals specific to New York City. This action has galvanized many others to research new green
initiatives as well.
The expression "green infrastructure" is a broad term that encompasses a variety of green
vegetation measures. New York City defines the term as “an array of practices that use or mimic
natural systems to manage urban stormwater runoff” (New York City Environmental Protection,
2016). The main practices that are supported by the city are right-of-way bioswales, stormwater
greenstreets, green roofs, rain gardens, permeable paving, subsurface detention, and cisterns and
rain barrels. The implementation of this infrastructure provides an array of multifaceted
improvements to the city such as improving air and water quality, reducing water runoff, and
beautifying neighborhoods (Gill, Handley, Ennos, & Pauleit, 2007)
The public health literature suggests that for certain populations, exposure to higher
temperatures leads to increased mortality (Curriero et al., 2002). Green infrastructure provides
an opportunity to lower elevated temperatures for areas where the urban heat island effect occurs
(Rehan, 2016; Salmond et al., 2016). For more than a decade, New York City has understood the
value of green infrastructure and has been aggressively increasing landcover vegetation
throughout the city. One of the city goals is reap the co-benefits of increased vegetation cover
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leading to improve the physical and mental health of its residents, especially given the coming
challenges associated with climate change.
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Chapter 3
Construction of Regression Layers
Selection of Data Sources
Data selection for this research was framed by four factors. The primary factor involved
the effort to understand vulnerability in heat waves from multiple events, as opposed to one
single event. Data availability and temporal/spatial resolution were the other factors, which
dictated the datasets that were most compatible for this regression. The New York City Stress
Emergency Department Visits temporal resolution framed temporal and spatial resolution for the
rest of the research. Table 3 shows the five variables used as data sources for the comparison of
the control equation and the new HMM technique.
Table 3
Regression Data Sources

The next guiding factor in data selection dealt with spatial resolution. It would have been
highly ideal from a data analysis perspective to frame the analysis around the census tract scale.
A finer spatial resolution would have enhanced the data analysis to potentially reveal other
spatial patterns or influencing factors. Unfortunately, however, the heat stress hospitalization
visits were aggregated from the data source by United Hospital Fund neighborhoods (UHF). The
UHF neighborhoods are comprised of 42 areas similar to New York City Community Planning
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Districts but which have a coarser resolution. Due to this limitation, all datasets were
transformed up to the UHF scale for further analysis.
Due to the temperature availability issue and other complications with spatial resolutions,
the next two independent variables were only compared to the year 2010 for the regression. In
other words, the vegetation and social vulnerability variables were set to the constant of the year
2010. For example, the New York City Landcover Raster, the vegetation independent variable,
was only available for the year 2010. Landsat 8 could have been used to analyze vegetation
landcover, but this data source proved inadequate because remote sensing imagery for this
particular satellite was not available during this time. A more recent image from Landsat 8
would have represented an inaccurate depiction due to landcover changes that occurred since
2010. As for another satellite, Landsat 5 imagery resolution proved to be inferior to the New
York City landcover raster, which had a finer spatial resolution. As for the social vulnerability
layer, the data was not available to do yearly comparisons from 2006 to 2010.
As for the other layers, MetNet data was obtained for July 6, 2010. For that period of
time, the temperature happened to rise over 100 °F, which can be labeled a heat wave for New
York City. From July 4 to July 9, 2010, a large number of cities on the east coast experienced a
severe heat wave. This research thus utilized one of the hottest days in the period in correlation
with the heat stress hospitalization rates across a four-year period. The selection of one heat
wave for the data represents the best probability for a strong correlation in the regression,
specifically with the data availability challenges in this research. Heat stress incidences or related
mortalities typically occur around summer months. Therefore, the selection of one of the hottest
days of the year represents the highest likelihood that, on that day or around that period, heat
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stress vulnerabilities also would increase. As for the other temperature layer, it would have been
ideal to select a dataset on the same day or week of the heatwave.
NYCMetNet Temperature Data (2010)
The meteorological observations are obtained from NYCMetNet, a permanent
meteorological network for the New York City region provided by the Optical Remote Sensing
Laboratory of The City College of New York (ORSL). The weather observations are updated in
15-minute intervals and consist of relative humidity, temperature, wind direction, wind speed,
rain rate, and total rain accumulation measurements at building-top sites (The City College of
New York, 2017). NYCMetNet has about 75 observation points throughout the city’s
metropolitan area. Figure 4 presents the 42 MetNet meteorological stations that reside in the
highest density areas of the city.

Figure 4. MetNet stations providing meteorological data on New York City.
A number of steps had to be conducted in order to transform this data. The first step dealt with
eliminating outliers, negative numbers, and no data in the temperature data. MetNet data was
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averaged to the nearest temperature sensor within the UHF zone. The Steadman formula that
takes into account humidity was utilized for the MetNet data to produce the heat index, which is
a “measure of how hot it really feels when relative humidity is factored in with the actual air
temperature" (NOAA, 2017). To calculate the heat index, temperature and relative humidity are
the primary variables of the equation.

− 42.379 + (2.04901523 × T) + (10.14333127 × rh) − (0.22475541 × T × rh) - (6.83783 × 10 ^
−3 × T^2) − (5.481717 × 10 ^-2 × rh^2 ) + (1.22874 X 10^-3 x T^2 x rh) + (8.52 x 10^-4 x T x
rh^2) – (1.99 x 10^-6 x T^2 x rh^2).

In ArcGIS, the zonal statistics feature was utilized to generate average temperature for
each respective UHF areas. The last step of the process was creating a statistical surface layer
for the temperature point data using empirical Bayesian kriging (EBK). EBK “is a geostatistical
interpolation method that automates the most difficult aspects of building a valid kriging model”
(ESRI, 2014). Compared to other geostatistical methods, EBK is considered a superior method
because it generates a dataset of semiovariograms for each subset of the area that is being
predicted, as opposed to using one semivariogram like other kriging methods (Gouri et al.,
2016). One semivariogram versus a dataset improves the prediction especially when the distance
is the farthest from a point. Figure 5 shows the Metnet temperatures in New York City; the map
displays the average temperature for each UHF neighborhood. It should be noted that the final
heat contours of this layer did not match the results of other studies as there was a problem with
the available data.
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Figure 5. MetNet temperatures from temperature sensors in New York City.
Landsat-Derived Surface Temperature (2010)
The land surface temperatures are derived from the Landsat (Thematic Mapper) sensor on
the Landsat 5 satellite. The spatial resolution for this satellite is 30 meters. The satellite has
seven bands, with number six being the thermal band with the resolution resampled to 30 meters
(USGS, 2017). The thermal band is the primary input in deriving the Landsat surface
temperatures in the process for conversion, which consists of the following steps:
1. Use thermal band six from Landsat 5
2. Convert Dn Values to Radiance Values
3. Convert Radiance Values to Brightness Temperature (In Kelvin)
4. Convert Kelvin to Celsius
5. Convert Celsius to Fahrenheit
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Once the remote sensing imagery was converted into Landsat surface temperatures, zonal
statistics were used to calculate the average temperatures for the UHF layer. Figure 6 contains
the Landsat Surface Temperatures, that is, the temperature variations across the city, which
ranged from 72.8 to 77.75 Fahrenheit.

Figure 6. Landsat Surface Temperatures derived from Landsat imagery in UHF zones.

Landsat surface temperature estimates were derived from July 6, 2010 imagery. In
combination, Landsat surface temperatures and NYCMetNet essentially represent the total
exposure that New York City residents experience. The NYCMetNet data captures air
temperature effects while the Landsat layer represents a radiative effect emanating from a
material. These two datasets represent a more accurate temperature exposure than simply one
layer of data.
Landcover Raster Data (2010) – Vegetation Layer
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In comparison to Landsat satellites 5, 6, 7, and 8, \ New York City’s landcover raster data
proved to be the superior dataset due to its high-resolution. The dataset was a 3-foot version of
the city’s landcover. Even within the Landsat family of satellites, the finest resolution is only 15
meters. In this dataset, a number of techniques were utilized to enhance the dataset. Lidar and
2008 4-band orthoimagery were the primary data layers in conjunction with other ancillary
geospatial data to generate the dataset. With the use of Lidar, the flyovers are able to produce
images with the widest spatial extent, as opposed to satellite imagery, in which buildings can
obstruct the satellite view. The spatial resolution and categorization of this dataset was better
than other datasets used in most heat vulnerability research. The city’s dataset is composed of
seven categories: tree canopy, grass/shrub, bare earth, water, buildings, roads and other paved
surfaces. A 2010 Lidar layer and 2008 4-band imagery were utilized to generate the landcover,
producing 96% accuracy (NYCOpenData, 2017).
ArcGIS was utilized to process this layer. The reclassify function was utilized to take the
different class values and convert them to no data or a vegetation category. Tree canopy,
grass/shrub, and other types of vegetation all were classified under the same category and
assigned the value of one within the layer. The total number of vegetation polygons within the
UHF layer was reflective of the scale for this layer. Due to the large size of the polygon count,
the figures were rescaled from one to ten to make the numbers more presentable for this analysis.
Figure 7 shows New York City landcover vegetation. Areas like Harlem, which has minimal
vegetation coverage, and Central Park, known for having substantial foliage, were used as
validation points.
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Figure 7. New York City landcover vegetation/ reclassified vegetation layer (includes all types
of vegetation).
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Agency for Toxic Substances and Disease Registry – Social Vulnerability Index (ATSDR)
(2006 - 2010)
The social vulnerability index (SOVI) was created by the Agency for Toxic Substance
and Disease Registry, an arm of the U.S. Department of Health and Human Services. The
purpose of SOVI is to give a comparison of different census tracts based on vulnerability. In
particular, the primary reason that the SOVI layer is being utilized within this research is because
it provides a series of inputs that can be used within the spatial regression and do a higher
Pearson correlation. SOVI is composed of the following themes: socioeconomic, household
composition/disability, minority status/language, and housing/transportation. The chart in Table
4, describes SOVI vulnerability components, a breakdown of the variables that comprise the
overall vulnerability. The total social vulnerability score was comprised of a total of each theme.
Table 4
SOVI Vulnerability Components
The agency produced this tool using a percentile ranking system, that is, “the proportion
of scores in a distribution that specific score is greater than or equal to” (Flanagan et al., 2011).
Numbers that are higher represent higher vulnerability. This method essentially redistributes the
numbers based on the relative vulnerability score.
This percentile ranking system was utilized for the individual components of the social
vulnerability index in the following manner:
1) Percentile ranking was utilized for the fourteen individual variables, themes, and
overall rankings
2) Themes were comprised of socioeconomic, household, minority, and housing
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3) The variables for each theme were added together based on the percentile ranking
system for each classification
4) Finally, the individual themes were added to generate the final index score
Identifying a Social Vulnerability Index for the Regression Models
One of the first steps in the analysis concerned the identification of a social vulnerability index
with a positive relationship with HSEV. American Community Survey data and the underlying
ATSDR components were examined to build an index using principle component analysis.
Using the American Community Survey data, a Pearson correlation of 11 was obtained when
compared to HSEV. Another approach was used for the underlying components of the ATSDR
index. In comparison to the actual ATSDR SOVI index, the selection of these variables did not
include automobile or transportation-related variables because in urban areas it is potentially less
of a proxy for vulnerability. The following variables were selected for the creation of the index:
(1) Age 65 / Persons aged 65 and older, 2010 SF1, (2) Single Parent/Single parent household
with children under 18, 2010 SFI, (3) Poverty / Persons below poverty estimate, 2006 – 2010
ACS, (4) Language / Persons (age 5+) who speak English “less than well” estimate MOE, 2006
– 2010 ACS, (5) Per Capita Estimate / Per capita income estimate, 2006 – 2010 ACS, (6)
Minority / Minority (all person except white estimate) 2006 – 2010 ACS, (7) Education / Persons
(age 25+_) with no high school diploma estimate, 2006 – 2010 ACS. Table 5 shows the total
variance explained, including top components for the selection of these variables. In the section,
Cumulative %, the number indicates 74.58 variance in the data.
Table 5
Analysis Of Variance Across Variables
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Figure 8 provides guidance on the number of components that were selected and that
account for the cumulative variance percentage. Anything over one for an eigenvalue is suitable
for use in the analysis. For the creation of the new index, the individual components were added
together, creating one variable for each UHF area. A Pearson correlation was conducted
between the HSEV and the index created using principle component analysis. The Pearson
correlation value was low, -.11, indicating a negative relationship. Overall, the ADTSR SOVI
index that was created by the agency provided a better tool for analysis.

Figure 8. Eigenvalues for index components.
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Compared to other social vulnerability indices, a strong correlation was found with
ATSDR’s SOVI index. Table 6 shows the bivariate correlations for the main components of the
SOVI index.
Table 6
Index Correlations

Correlations

Socioeconomic

Household

Minority

Transportation

0.27

0.33

0.16

-0.07

Bivariate Correlations Against the Dependent Variable of HSEV
In regard to the transportation component, there was an indirect relationship with HSEV.
As HSEV rises, vulnerable populations with less access to transportation tend to have more heat
stress hospitalization visits. Interestingly, this component does not contribute as much to
vulnerability in urban environments (especially in New York City) because of the extensive
public transportation network.
For the SOVI census tract, the index had to be aggregated into UHF zones. After some
challenges finding the most representative aggregation method, the SOVI was mapped to
examine the spatial patterns in relation to the UHF neighborhoods. Figure 9 shows that the SOVI
vulnerability scores of the Social Vulnerability Index were higher in the South Bronx, an area
typically associated with higher public health challenges, lower per capita income, and a higher
percentage of minorities, features that validate the overall aggregation method. The Upper East
Side and Upper West Side of Manhattan, both considered among the more affluent areas of the
city, coincided with a low SOVI score. Further, the borderline areas of Queens and Brooklyn are
considered less affluent areas. Overall, the validation points were compatible with the SOVI
index.
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Figure 9. Social Vulnerability Index (2010) with New York City vulnerability by UHF zone.
In order to further enhance the Social Vulnerability Index, the SOVI layer was validated
with heat stress hospitalization data. The individual components of the SOVI index (minority,
household, transportation, and socioeconomic), were utilized in a new regression with heat stress
hospitalization as the dependent variable. The regression’s unstandardized coefficients were
utilized to produce the new SOVI layer. The layer was named the Urban Heat Index for this map,
but throughout the rest of this chapter will be called the SOVI layer. Figure 10 shows the shifts
in the spatial patterns on the outer edges of the boroughs and particularly in Staten Island for the
New York City Urban Heat Index UHI.

Figure 10. New York City Urban Heat Index. New SOVI index for the regressions.
Heat Stress Emergency Department Visits (2010 - 2014)
The New York City web portal for environment and health offers a series of heat-related
datasets such as heat events, heat stress deaths, heat stress rates, and a heat vulnerability index
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(see Figure 11). For the purposes of this research, the heat stress emergency department visits
total was the dependent variable for the spatial model. This dependent variable represented the
number of New York City “residents admitted to a NYC hospital during the months of May-Sep,
having an ICD-9 diagnosis code for effects of heat and light, 992.0-992.9, or E-codes E900.0 or
E900.9 for excessive heat due to weather conditions or undetermined cause” (The City of New
York, 2013). The data was collected from the following sources: New York Statewide Planning,
Research Cooperative System (SPARCS) – Deidentified Hospital Discharge Data, and the
United States Census. This data also was subdivided into UHF neighborhoods.

Figure 11. Heat Stress Emergency Department Visits
The web portal provides data on heat stress emergency department visits from 2005 to
2013. In this research, the years from 2010 to 2013 were selected to create a new layer. The
total visits were averaged out to create one single layer per UHF zone. From a statistical
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perspective, the average total visits layer was more representative of the hospital visits that
opposed to one year of data. An argument may be made that this method is fraught with
challenges due to changes in demographics and the physical environment throughout the years.
Figure11 provides more information about this layer, including heat stress emergency
department visits. The spatial validations that were used for the SOVI layer are compatible for
the South Bronx, the borderline between Queens and Brooklyn, and southern Manhattan. As for
Staten Island and the outer ridges of the boroughs, the total hospital visits appear higher, and did
not correlate well to the SOVI layer.
Data Layer Flowchart
Figure 12 shows the data workflow, consisting of five layers that were converted using
geoprocessing actions in ArcGIS to transform the data in order to reach the final analysis. The
first step dealt with processing each individual layer as mentioned in the previous sections and
transforming them into the respective UHF scales. This process was conducted in order to
execute the first control equation that would be examined in the analysis. The next step entailed
aligning all the files to the same spatial extent so the raster calculator could be utilized with the
same mathematical formula to generate the four new layers for the new technique. These new
four new layers were then compared to the control equation.
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Figure 12. Data transformation flowchart: ArcGIS process for transforming the data into
individual layers for analysis.
Scaling of Regression Variables
This study included six variables with different ranges of values in the analysis. Each of
the variables was scaled in such a direction that higher numbers increased vulnerability. The
Vegetation layer was the only one rescaled to make it easier to understand the values, which
ranged from 1 to 10. Table 7 reports on the rescaled variables; the other layers were not
transformed because the values numbers were more intuitive.
Table 7
Rescaled Variables
Layer

Range

Heat Stress Hospitalization Visit

3 - 18

Landcover Raster - Vegetation

1 - 10

Landsat Derived Surface
Temperatures

72 - 78
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NYCMetNet
Agency Toxic Substances Disease
Registry - Social Vulnerability Index
(ATSDR)
New York City's Heat Vulnerability
Index

89 - 98

0 - 11
0-5
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Chapter 4
Regression Results
Heat Additive Model (HAM) - Control Equation
The purpose of this research was examining the environmental and socioeconomic
variables that potentially influence heat stress hospitalizations in New York City. The control
equation in public health research, which typically uses one temperature variable, was compared
to a new method. An additive model was utilized for the control equation to understand how the
predictors of vegetation, NYCMetNet, LST, SOVI influenced the dependent variable of HSEV
in New York City.
An additive model describes the sum of the effect of the predictors on the response
variables. In this section, there was initially a four-variable equation with three predictors;
essentially, there were 3 variables and 3 coefficients that needed to be solved to understand the
relationships. In addition, a second equation had an additional temperature predictor. The reason
for the additional variable was to test the performance of the HAM model with an additional
temperature variable.
The control multiple regression equation was:
𝐻𝑆𝐸𝑉 = 𝐶1 ∗ 𝑁𝑌𝐶𝑀𝑒𝑡𝑁𝑒𝑡 + 𝐶2 ∗ 𝑆𝑂𝑉𝐼 + 𝐶3 ∗ 𝑉𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛
HAM Results with 3 Variables (MetNet)
Table 8 shows the results of HAM 3-variable regression (Metnet). The results of the
three-variable equation were statistically significant with a value of 0.01 in the model. The Rsquare—which is one of the proxies for predictive value and also explains the overall variability
in the model—was 0.256 in the model. The adjusted R-square of 0.197 takes into account the
value of additional predictors when comparing similar equations. An increase in the value
means that the additional predictor is a good fit for the model. As for the section HAM –
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Correlations the correlation between Metnet and HSEV was -0.188. This variable interaction
was positive as expected, since as temperature increases HSEV values increase. Another
questionable correlation was the value of 0.751 for Vegetation and MetNet, as an increase in
vegetation should lead to lower temperatures in an area. Overall, the performance of this model
provided insights that the MetNet layer was not performing as expected in the regression,
perhaps due to potential errors in the Metnet data that cannot be rectified.

Table 8
HAM 3 Variable Regression (Metnet) Outcomes

In Figure 13, which shows Metnet Temperatures, a closer examination reveals that the
South Bronx and southern Manhattan areas appeared to have higher temperatures, which seems
to validate the results of the MetNet layer, particularly compared to previous research. An issue
arises when examining the borderlines of Brooklyn and Queens where a bubble appears in the
data, perhaps indicating temperature sensor issues.
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Figure 13. MetNet temperatures obtained from 42 sensors in New York City.

The following techniques were used to create a MetNet dataset that would correlate positively
with HSEV and eliminate anomalous visual patterns:
•

Using a July and August 2010 average temperature dataset

•

Using an average for July 3-6, 2010

•

Subtracting a minimal temperature threshold to enhance the data

•

Using data from a day during a heatwave to get the strongest signal

•

Using different interpolation techniques

•

Examining correlations between the two datasets without interpolation

•

Calculating average nighttime and daytime temperatures for the heatwave period from
July 5-7, 2016
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One of the primary challenges was that the HSEV data is calculated on an annual basis while
the NYCMetNet was averaged over the course of a day. To a certain extent, then, there is an
incompatibility from a time perspective when comparing the dataset. One way of enhancing the
correlations is to create a new MetNet layer averaged out for a year. The challenge with this
method is that it can potentially introduce more outliers into the analysis, actually leading to a
weaker correlation. Overall, this bivariate correlation problem led to problems for the
regressions.
Rotation of Variables in Linear Equation
After analyzing the initial control equation, the individual variables were tested to
understand the individual contribution to the overall model in a linear equation. Table 9 shows
the statistical contribution of each variable, that is, the individual contribution by each of the
layers, which never exceeded more than 24% in the linear regression.
Table 9
Rotation of Variables
Variable

Metnet

Landsat

SOVI

Vegetation

R-Square

0.035

0.235

0.214

0.043

Due to the contribution of each of the variables, an alternative temperature factor was included in
the additive model. The Landsat surface temperature variable was included to examine the
performance of the model, producing the following equation:
𝐻𝑆𝐸𝑉 = 𝐶1 ∗ 𝐿𝑆𝑇 + 𝐶2 ∗ 𝑆𝑂𝑉𝐼 + 𝐶3 ∗ 𝑉𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛
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HAM - 3 Variable Regression (Landsat)
Table 10 shows the statistical results for the on the HAM-3 regression with Landsat. The
rotation of the temperature variables led to improved results from the model. Overall, the results
were statistically significant with a value of 0.001 and an R-square of 0.365 for the model. For
the last model, the adjusted R-square was 0.197; it increased to 0.314 in this model. An increase
indicates that the LST variable had an improved predictive value compared to MetNet. In the
section HAM – Correlations, the variable interactions performed as expected. In particular, the
Landsat variable had a high correlation with HSEV at 0.485. As for the SOVI layer, there was a
direct relationship with HSEV, at around 0.483 for the model. In regard to the Vegetation layer,
there was an indirect relationship with HSEV with a value of -0.208 in the model.
Table 10
HAM 3 Variable Regression (Landsat)

The Landsat variable was statistically significant, with a value of 0.014 in the model. In
examining the variable interaction, Landsat increased by one unit, and HSEV increased by one
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unit 1.394 in the model. As SOVI increased by one unit, the HSEV variable also increased by
0.777 in the regression. An indirect relationship existed—an increase in Vegetation by one unit
decreased HSEV by one unit of 0.02 in the model. Overall, the variable interactions performed as
expected. One red flag was that Vegetation was not statistically significant at .926 for the model.
Of all the variables, LST emerged with the best Pearson correlation values, ideal statistical
significance, and a Beta score of 0.384, indicating a strong influence in this regression.
Overall, the model produced varied results. An increase in SOVI coupled with Landsat
surface temperatures led to increased HSEV. Vegetation showed that this layer assisted in
reducing ambient temperatures in UHF, reducing the HSEV for neighborhoods. This model,
which used Landsat temperatures, was the baseline against which the other models were
compared.
HAM – 4 Variable Regression (Landsat + MetNet)
The HAM results of the regression that include two temperature variables provided
minimal improvements but with questionable regression components. Table 11 shows the
statistical results for the HAM – 4 variables (MetNet + Landsat) and indicates that the model is
statistically significant with a value of 0.002. In comparison to the other model, the R-square
improved to 0.367, which was not a substantial change. The slightly lower adjusted R-square of
0.299 suggests potential predictive problems by introducing MetNet with Landsat.
Table 11
Statistical results for HAM - 4 Variable regression (Landsat + MetNet)
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Overall, the underlying main components of the model did not improve. The variable
interactions and statistical significance, for example, were questionable. As Table 11 shows,
there was no statistical significance for the vegetation layer, which had a value of 0.725 in the
model. In addition, the model revealed that as vegetation increases by one unit, HSEV increases
by 0.119, indicating no relationship. Vegetation is associated with creating microclimates that
reduce temperatures, which should lead to a reduction in vulnerability. Furthermore, the MetNet
interaction with HSEV is also incorrect. An indirect relationship should not exist when MetNet
increases by one unit, which in turn lowers HSEV by -0.175 in the model. The regression results
further validate the idea that the MetNet variable is essentially not providing any explanatory
value to this model or that the model is wrong.
Heat Multiplicative Model (HMM)
In multiplicative models, the predictors are multiplied against each other and the sum of
each component contributes to predicting the dependent variable. The predictors increase or
decrease based on the strength of the other variables. In this equation, the primary difference is
that the four variables are multiplied to form four new explanatory variables. (In public health
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research, it is a novel approach to use two temperature variables.) The second difference is that
the temperature variables are multiplied against the socioeconomic and environmental variables.
Typically, in the control multiple regression model, the researcher adds all the variables.
With the HMM approach, the temperature dataset, which is the most fluctuating variable and the
primary stressor resulting in heat stress vulnerability, is multiplied against the other values, thus
compounding the effect. With this new method, the new independent variables that are formed,
Temp*Socio, Temp*Veg, Surf*Socio, and Surf*Veg, are all impacted by the temperature signal.
At the same time, the two temperature methods that are being used account for the full
temperature impact that occurs upon the body. Because there can be a considerable difference
between air temperature and surface temperatures, the use of both datasets provides a better
representation of the impacts of temperature upon the body in a changing environment. HMM is
represented by the following equation:
Heat stress emergency hospitalization visits =
(𝐶1 ∗ 𝑀𝑒𝑡𝑁𝑒𝑡 + 𝐶2 ∗ 𝐿𝑆𝑇) ∗ (𝐶3 ∗ 𝑆𝑂𝑉𝐼 + 𝐶4 ∗ 𝑉𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛) = 𝐶1 ∗ 𝐶3 ∗ 𝑀𝑒𝑡𝑁𝑒𝑡 ∗ 𝑆𝑂𝑉𝐼 +
𝐶1 ∗ 𝐶4 ∗ 𝑀𝑒𝑡𝑛𝑒𝑡 ∗ 𝑉𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛 + 𝐶2 ∗ 𝐶3 ∗ 𝐿𝑆𝑇 ∗ 𝑆𝑂𝑉𝐼 + 𝐶2 ∗ 𝐶4 ∗ 𝐿𝑆𝑇 ∗ 𝑉𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛 =
𝑘1 ∗ (𝑇𝑒𝑚𝑝 ∗ 𝑆𝑜𝑐𝑖𝑜) + 𝑘2 ∗ (𝑇𝑒𝑚𝑝 ∗ 𝑉𝑒𝑔) + 𝑘3 ∗ (𝑆𝑢𝑟𝑓 ∗ 𝑆𝑜𝑐𝑖𝑜) + 𝑘4 ∗ (𝑆𝑢𝑟𝑓 ∗
𝑉𝑒𝑔) 𝑊ℎ𝑒𝑟𝑒 𝐾1 = 𝐶1 ∗ 𝐶3 , 𝐾2 = 𝐶1 ∗ 𝐶4 , 𝐾3 = 𝐶2 ∗ 𝐶3 , 𝐾4 = 𝐶2 ∗ 𝐶4

HMM – 4 Variable Regression (MetNet & Landsat)
In Table 12, the HMM results presents a model that has a statistical significance of 0.003
and an R-square of 0.269 in the model. These values are minimally different than HAM with
four variables. Compared to the last model, the adjusted R-square decreases by the very low
amount of 0.03 in the model, not increasing in any predictive value. The initial regression values
are favorable but the rest of the regression components present mixed results.
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Table 22
Statistical Results For 4 Variable Regression (Landsat + Metnet)

In the HMM correlations section, k1_MetNet_SOVI and k3_Landsat_SOVI proved to
have a weak correlation, in the low 0.200s, with HSEV in the model. These layers indicate that
as temperature rises then HSEV also should increase in the model. As for the k2 and k4 layers,
the results were expected to cancel each other out because the variables are scaled inversely to
each other with similar correlations of -0.214 and -0.192 in the model. Further, the entire
variable interaction does not provide any useful insight. K1 and k2 are the most useful
relationships to examine against HSEV. K1 has an indirect relationship with HSEV but the
variable is not statistically significant. K3 variable interaction is direct relationship but it is not
statistically significant. As for k2 and k4, the variable interactions are statistically significant.
K2 and k4 explanatory variables would only provide useful insight because one of the variables
exceeds a certain threshold to supersede the other. If, for example, the temperature would drop to
zero, this relationship should appear in the number providing a stronger signal. The results of
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this model are further complicated by extremely high VIF scores. Any VIF score that is higher
than 4 indicates high multicollinearity. Each of the values, from 1030 to 2738, point strongly to
multicollinearity issues. To a certain extent, this issue was expected to occur with this regression.
Nevertheless, it was assumed that even elevated mulitcollinearity would improve the R-square
by a minimal amount.
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HMM – Regression (Landsat)
Due to the low predictive performance of the MetNet variable in the previous models, the
LST variable was only tested in this HMM model. Table 13 shows the results of the HMM –
Regression (Landsat), which were statistically significant with a value of 0.002 and an R-square
of 0.268 in the model. As for the Pearson correlations, the interaction of the k3 against the
HSEV performed as expected, with a high correlation of .503 in the model. In regard to k4, this
variable did not provide any insight and only would if one factor has an extremely high value. In
the section HMM – Coefficients, the results indicate that as k3 increases by one unit, HSEV
increases by the marginal amount of 0.13 in the model.
Table 13
HMM Regression (Landsat)
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As for k4, the layer was not statistically significant and the relationship did not provide any
insight. It should be noted that the VIF scores are used to detect multicollinearity within a model.
In this case, the VIF score was 1.1137, which is very low—and unusual—because each of the
variables has one layer in common. Overall, the results of this model mixed were statistically
significant, with a reasonable adjusted R-square, but the underlying components of the regression
were not reliable.
New York City’s Heat Vulnerability Index (HVI)
New York City is presenting the HVI as one of the models that can be utilized to examine
heat stress vulnerability. The HVI is composed of daytime surface temperature, green spaces,
and socioeconomic factors. The index is rated from 0 to 5, with the highest numbers representing
the highest vulnerability. The description on New York City’s municipal data website states that
the HVI uses one temperature database. The methodology is described as having two
temperature datasets, however, with Landsat seemingly contributing the least influence to the
research (Madrigano, Ito, Johnson, Kinney & Matte, 2015). Due to this lack of clarity, the HVI
index was not tested with the MetNet and LST variables. A linear regression was conducted
with HSEV as the dependent variable and HVI as the independent variable.
Table 14
Heat Vulnerability Index Regression Results
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Table 14 shows the statistical results for the HVI regression, which were not statistically
conclusive with a value of .057 and an R- square value of 0.088 in the model. Each of the
indexes, including the one used in this study, tend to have very low correlation values. Further,
the UHF units of analysis, which have a coarse resolution, reduce the correlations. In addition,
these social vulnerability indexes are probably constructed in a highly specific manner, and when
adapted to other data do not perform as well for other types of public health research.
HAM Regression – Overfitting
It is important to understand the overall predictability of HAM because it is the best
performing model. Figure 14, shows the predictive value of the regression. , Two datasets were
created, one with 30 and the other with 43 observations. For each of the datasets, a scatterplot
was utilized to plot the HSEV versus predicted values of HSEV, which generated a correlation
coefficient. In the first plot, the correlation coefficient was 0.002 versus .252 for the second
chart. The substantial difference between the two indicates that the unstandardized coefficients in
the regression were not stable when applied to new datasets. The model reflects overfitting,
which means it is unreliable for predictions. A larger dataset would provide more validity
results.
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Figure 14. Predicted values versus heat stress hospitalization visits.
HAM, HMM, and HVI Conclusions
HAM with the three variables (including Landsat) emerged as the better model because
the components of the regression exhibited the correct variable interactions and were statistically
significant. Further, the Landsat and SOVI emerged as the primary layers providing the most
insight throughout the models.
Figure 15 shows predicted values for heat stress hospitalization visits; the map presents
the predicted values for heat stress hospitalizations in New York City. Overall, the validation
points of the South Bronx, the borderline between Queens/Brooklyn and the southern areas of
Manhattan are realistic values. To a certain extent, the area that does not align with initial
assumptions was Staten Island. The predictive values seem quite high.
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Figure 15. Predicted heat stress hospitalization visits by UHF zone.

Further, the HAM’s model predictive values were tested using the inferential statistic of
Global Moran’s I, which analyzes for spatial autocorrelation. In the Spatial Autocorrelation
Report, the output indicates that the distribution of the data is clustered (See Figure 16). Another
way of viewing the analysis is reflected in the following statement: “Given the z-score of 2.58,
there is less than 1% likelihood that this clustered pattern could be the result of random choice”
(ESRI Automated Spatial Autocorrelation Report, 2018) based on a statistically significant pvalue of 0.009 in the results.
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Figure 16. ESRI automated spatial autocorrelation report.
As for the other models, the HAM four variable regression and HMM results were
minimally different when comparing the R-square. The HAM model with the four variables,
which included two temperature datasets, was statistically significant but the underlying
components of the model were not representative. Primarily, models using the MetNet data did
not result in high correlations in this study. Due to this data issue, the problem extended itself
into the other regression models, producing inconclusive results. These findings suggest that an
opportunity exists to improve the research when dealing with the MetNet variable. In conclusion,
it appears there might be some slight value to utilizing two temperature variables within the
regression to improve the R-square.
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Chapter 5
Green Infrastructure Implementation in Mott Haven – Port Morris

Addressing Elevated Temperatures in Urban Environments with Green Infrastructure
Green infrastructure (GI) is solution to problems associated with stormwater. By
imitating the natural water cycle, GI can be used to treat and reduce stormwater from different
sources while delivering many co-benefits in urban environments. GI solutions can be
implemented in a variety of ways, through rain gardens, bioswales, green roofs, cool roofs, urban
tree canopies, and permeable pavements in the urban fabric. By comparison, single purpose gray
stormwater infrastructures clean stormwater through human-engineered systems that utilize
piping networks and large water treatment systems. GI solutions serve the same function as gray
stormwater infrastructure while providing other advantages that tend to be more economical and
enhance the quality of life for city dwellers.
In the 1990s, the United States Environment Protection Agency (EPA) passed regulations
to minimize the impacts of sewage overflow that originated from combined sewer overflows
(CSOs). CSOs occur due to degraded sewer infrastructure and cause substantial pollution. In
2004, the EPA released a report on the widespread occurrence of CSO problems across the
nation (Chini, 2017), and since then, communities with CSO issues have sought alternatives to
traditional solutions to the problem. In 2007, the EPA released a series of memos embracing the
use of GI as a CSO alternative (EPA, 2017) and the states of Idaho, Washington, and North
Carolina began to explore the tradeoffs of GI versus gray infrastructure (World Resources
Institute, 2012). Increasingly, municipalities and states are recognizing that green infrastructure
could minimize the stormwater entering water treatment plants and produce additional benefits.
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One of the primary ways that GI is useful in urban environments is in creating a cooling
effect in microclimates. Microclimates are defined as areas in urban environments that are
highly influenced by materials, vegetation, and topography, with temperature variations that can
be substantially higher than the norm (Gkatsopoulos, 2017). Vegetation changes the ambient
temperature through the process of evapotranspiration, which occurs when a "plant transpires the
water it absorbs from the ground into the air through its leaves in the form of water vapor"
(Gkatsopoulos, 2017, p. 478). In order for the water to be converted into vapor heat is absorbed
from the atmosphere, resulting in reduced air temperature. Thus, GI implementation also serves
as a means of altering microclimates that have higher temperatures. For this reason, GI solutions
are actively used in many different cities to reduce the impacts of the urban heat island effect
(Lehmann, 2014).
City planners have two options for transforming the urban morphology (Klein-Rosenthal
et al., 2008). One option is to increase the albedo throughout the city. Albedo is a indicator for
the heat capacity of a material, and it is correlated to that material’s reflectance. Such an
initiative entails changing the reflectivity of surfaces, ultimately reducing the overall temperature
of the material. The second option is to simply introduce more vegetation into an area. This
natural GI solution is ideal because it does not introduce engineered solutions into the
environment.
Increased landcover vegetation is a solution to changing microclimates that may reduce
temperatures in three ways (Rosenthal et al., 2008). One is by utilizing trees to reduce the solar
energy that is absorbed by a building’s material. A second is by using vegetation to reduce
temperatures through the evapotranspiration process. The third is somewhat indirect. By
increasing vegetation and soil, the amount of pavement is reduced—and more soil cover leads to
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more evapotranspiration. Thus, green infrastructure not only provides a reduced ambient
temperatures but other ancillary benefits as well.
These ancillary benefits include enhancing the quality of life for urban residents in a
number of other ways as well (Klein-Rosenthal et al., 2008). More green spaces give residents in
the city more opportunities to exercise. Green spaces are reported to help people relieve stress,
and are associated with improved mental health and emotional wellbeing. Open green spaces
create more opportunities for people to come together and develop strong community ties, which
can be a marker of better mental health (Francis, Giles-Corti, Wood, & Knuiman, 2012).Overall,
then, more green spaces are likely to bring about improved physical and health in populations
with access to them (van den Berg, et al., 2015).
An obvious intersect exists between GI and microclimates, especially when the problem
deals with minimizing heat-related vulnerability. The New York City municipality has actively
pursued initiatives like the NYC Green Infrastructure Plan, which seeks to primarily reduce the
volume of stormwater. Until recently, these initiatives did not seem to consider the ancillary
benefits of GI. This study, however, argues for the importance of framing vulnerability studies in
the same context as GI because urban planning policy could leverage the interdisciplinary
impacts of the technology. For New York City municipal government, this evidence-based
planning is already utilized in a variety of types of decision-making and can be easily
incorporated into efforts to mitigate elevated temperatures for vulnerable populations in a more
proactive manner.
The benefits of green infrastructure can be examined using ecosystem services, a
planning tool that provides scenarios of both the impacts on the environment and the benefits
that nature provides to society (Seppelt et al., 2011). An ecosystem service can be defined in
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terms of the benefits humans are able to gain from ecosystems. Utilizing the ecosystem service
model provides city planners with the opportunity to develop balanced policies integrating
social, economic, and ecological perspectives in development. In regard to finding solutions for
a microclimate or a vulnerable population area, ecosystem services gives guidance to help
professionals understand the quantitative impact of deploying green infrastructure in particular
areas of the city.
One of the most basic goals of urban planners is to improve the quality of life for
residents. The implementation of green infrastructure can reduce heat stress, improve air quality,
and develop public spaces, creating win-win solutions for cities. This is not to say that the
development of green spaces and implementation of green infrastructure is not without problems
in areas with highly vulnerable populations. As Wolch and colleagues (2014) have noted, the
greening of urban areas places
to address environmental justice problems can make neighborhoods healthier and more
esthetically attractive, it also can increase housing costs and property values…Ultimately,
such efforts can lead to gentrification and the displacement of the very residents the green
space strategies were designed to benefit. (p. 234)
This study approaches this socioeconomic issue as another challenge for communities
that implement green infrastructure. Although, such challenges were not directly addressed in
this research it is vitally important to heighten awareness as such issues are developing
conversations in many urban communities. It is essential, then, to seek solutions from holistic
perspectives that clearly identify the range of potential inputs and outcomes to affected
neighborhoods.
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From an environmental and social perspective, the Mott Haven-Port Morris,
neighborhoods are ideal locations for green infrastructure investments. According to the HMM
results on predictions for heat stress hospitalization visits in Figure 17, the HMM model with
LST predicts the highest hospitalization values for Mott Haven-Port Morris area.

Figure 17. Predicted values for heat-stroke hospitalizations based on UHF zones.
Though the Mott Haven-Port Morris neighborhoods were long characterized as industrial
locations, in the last few years, there have been several signs that they are in the initial stages of
gentrification (Gonzalez and Gould, 2017). The typical building stock in industrial locations
means that the area does not have ample amounts of green spaces. Residences do not have lawns
or types of vegetation that create any type of urban canopy. Though developers often were not
interested in making investments in residential areas in the past, the uptick in rental prices and
property values in the area have stimulated interest. Increasingly, new developments cater to
higher income individuals and residential zoning changes have started to change the
demographics of these neighborhoods. In the past, the 10455 zipcode contained a population of

71

30.6% African American and 24.9% Causasian. Now the Hispanic population comprises 74.8%
of the population. The adjacent neighborhood of Harlem is also experiencing gentrification,
meaning that the overall infrastructure is changing.
Yet, an opportunity exists to balance and transform this location in such a way as to
enhance the quality of life for current and future residents. The selection of green and blue roofs,
for example, is an achievable means of lowering the ambient temperatures and reducing the
stormwater flow. Green roofs have vegetated surfaces or engineered soil that absorbs water
during a storm event. These vegetative surfaces have other ancillary benefits as well, such as
reducing noise pollution, minimizing cooling costs, and generating even more new green spaces,
ultimately assisting in minimizing the ambient temperature in other areas. Blue roofs are even
cheaper to construct than green roofs and serve as a reservoir in which to retain stormwater
during and after a rain event. The benefits of such roofs can be enhanced when the roof is lightly
colored, thereby providing cooling advantages (New York City Environmental Protection, 2016).
For the purpose of this research, the residential neighborhood of Mott Haven-Port Morris
in the Bronx (also known as the South Bronx) has been selected as the place to model the
impacts of implementing green infrastructure. Compared to other neighborhoods, the tree canopy
coverage is about 12% to17% (O’Neil-Dunne, 2012). This percentage is the second lowest for a
neighborhood in the New York City region. The highest percentage of vegetation is from 45%
to 68%. Therefore, any vegetation increase, in any type of green infrastructure, would be
beneficial for this neighborhood. The neighborhood of Mott Haven-Port Morris has an area of
1.180 square miles; to increase green infrastructure in the neighborhood, blue and green roofs
scenarios were developed that account for 10%, 20%, and 30% of its square area.
Green Infrastructure Options
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These two green infrastructure options can change the environment naturally, providing a
multitude of benefits. Of the three options, the blue roof provides the least benefits. Table 15
shows annual green roof benefits, and it is clear that the amount stormwater managed is lower
for blue roofs than green roofs. Further, the investment cost of the green roof is overall lower.
NYC Green Infrastructure Co-Benefits Calculator provides some interesting relevant metrics,
such as the number of jobs supported and social benefit scores. In this scenario, a 30% increase
in total blue roofs areas supports 6,459 jobs in the city. The social benefit score comprises
aesthetical appeal, educational opportunities, and access to geenspace. On a scale of 100, the
blue roof is at 33%, which is low. The blue roof option is thus considered a less attractive option
because of the number of amenities that green roofs provide and the increase in green space that
most city dwellers covet.
Table 15
Comparison of Blue and Green Roof Benefits in New York City

Table 15 provides a number of indicators of the greater advantages of green roofs over
blue roofs. The stormwater managed, investment costs, and savings to water treatment plants are
comparable, but the green roof benefits include carbon sequestration and improvements in
overall air quality. For this neighborhood in particular, the urban heat island reductions a
significant boon. Urban heat island reductions occur due to an increase in surface albedo, the
result of replacing asphalt in dark roof materials with green infrastructure (Jandaghian & Akbari,
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2018). In fact, the installation of green roofs in this area is estimated to reduce the urban heat
island effect by 17%. Another obvious but substantial benefit is simply the access to green
space—which resulted in a social benefit score of 83% for this scenario, a substantial increase
over the blue roof option.
It is useful to examine the primary indicators used for the NYC Green Infrastructure CoBenefits Calculator:
1. “Urban Heat Island Reduction – Urban Heat Island Reduction (%) = 1 – [Vegetation
Coverage (%) * (1 – Vegetation Albedo) + Bare Soil Coverage (%)*(1 – Soil
Albedo)]/(1 –Asphalt Albedo)]”
2. “Stormwater Gallons Managed – The annual amount of stormwater runoff that the
green infrastructure control is typically able to manage.. Calculation: Gallons
Managed (gal/yr) = Managed Impervious Area (ft@) * Annual Rainfall (ft) *
Volumetric Runoff Coefficient Annual Capture Performance Ratio * Unit Conversion
3. Investment Cost – Approximated total cost to construct the green infrastructure
control – Calculation: Construction Cost ($) = GI Footprint (ft2) * Construction Costs
($/ft2)”
4. “Stormwater Treatment Savings – Economic savings from reduced need for
stormwater treatment at City water pollution control plants due to runoff retention
provided by green infrastructure. Calculation: Treatment Savings ($/yr) – Gallons
Managed (gal/yr) * Portion Diverted from Treatment Plant (%) * Treatment Costs
($/gal)”
5. “Carbon Sequestered – The average annual amount of carbon sequestered from
biological activity of trees, shrubs, herbaceous cover, and soil. Calculation: Carbon
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sequestered (lb/yr) Green Roof Total Sequestration Rate (lb/yr/ft2) * GI Footprint
(ft2) * 3.6 (lbs C02/ lbs C)”
6. “Jobs Supported – Jobs supported for one year through construction and maintenance
labor for the green infrastructure control. A job creation software, IMPLAN,
calculated that the average number of jobs per one million dollars input back into the
American economy is 17. This factor is use to determine the amount of dollars per
jobs supported. Calculation: Jobs Supported = (Construction Costs * Lifespan
Maintenance Costs) / Dollars per Job Supported”
7. “Urban Heat Island Reduction – The reduction in urban heat island potential due to an
increase in surface albedo from replacing asphalt or dark materials for green
infrastructure. Urban Heat Island Reduction (%) = 1 – [Vegetation Coverage (%) *
(1-Vegetation Albedo) + Bail Soil Coverage (%) * (1-Soil Albedo)]/(1-Asphalt
Albedo)”
The urban heat reduction metrics and social benefits scores are not entirely clear,
however. The social benefits score for both green roofs, for example, does not seem to increase
for either blue or green roofs in either case scenario. As cities build more infrastructure, the
benefits should increase for communities. The same fixed scenario problem occurs with urban
heat reduction, which does not seem to increase in any of the scenarios, leading to questions
about the reliability of these metrics. It should be noted that city’s municipal agencies are
constantly updating these figures as new information becomes available from ongoing studies,
thus new updates might change these figures in the future.
Overall, blue and green roofs or any other type of GI should be seen as multifunctional
infrastructure for an urban environment. Among the main functions of GI is the interception or
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management of stormwater, which in turn minimizes the amount of runoff that must be
processed by water treatment plants. GI implemented at a scale level minimizes infrastructure
costs or construction of new water treatment facilities. Thus, it bears mentioning that this type of
infrastructure provides value in many different ways that are often overlooked, especially when
simply examined from a financial perspective.
In the case of Mott Haven-Port Morris, the urban heat island reductions of 17%
potentially translate into other impacts. In this exercise, the largest green infrastructure scenario
is for the green roof, 30% of the total square area of 1.180 in this neighborhood. If population
density is equally distributed throughout this neighborhood, the around 15,000 individuals
should be impacted by green roof urban heat reduction. A number of studies have associated
elevated temperatures with a greater probability of mortality and morbidity in urban populations
(McGeehin & Mirabelli, 2001). In this scenario, the green infrastructure implementation will
potentially lower ambient temperatures by a few degrees, substantially lowering heat stress
vulnerability in this population. It should be noted that when the temperature is over 90F, small
increases in temperatures exponentially raise heat stress rates. Therefore, this urban environment
enhancement represents 15,000 people who potentially will experience reduced heat stress
vulnerability. In effect then, GI has the potential to both lower heat stress rates at the same time
it provides a host of ancillary opportunities, not least of which is access to open space.
Cities like Philadelphia, Washington, and Portland have launched major green
infrastructure initiatives within their urban environments (Levitan, 2013). In the next decade, it
is expected that $63 billion will be spent on simply fixing stormwater overflows issues. A major
opportunity exists to utilize these infrastructure investments to make cities more livable. Blue
and green roofs are not the only primary GI options for cities. Trees and vegetation provide

76

other ecosystem benefits such as lowering the ambient temperature and providing shade. Pocket
parks, the small parks within urban environments, provide access to green space. In places like
Mott Haven-Port Morris, an investment in pocket parks may additionally serve to increase the
physical activity of residents and generate community centers (Cohen, 2014). With this type of
infrastructure, an opportunity exists to mitigate sewer overflows and implement environmental
solutions that make the city more livable.
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Chapter 6
Heat Stress Mitigation Policy Recommendations
New York City is at the forefront of sustainable development, building resilient
neighborhoods through reactive and proactive progressive solutions designed to prepare residents
for extreme heat temperatures. The chapter will review existing policies in light of the insights
gained from this study and offer solutions that can be implemented in New York City to mitigate
heat stress vulnerability.
To understand New York City’s response to extreme heat, we can start with the triggers
that have been established for municipalities to activate the Heat Emergency Plan:
•

“Predicted Heat Index of 100F or higher for one day or more

•

Predicted Heat Index of 95F or higher for two consecutive days or more

•

Predicted Heat of 105F for any duration

•

Predicted Heat Index of 95F for four days or more
New York City's Heat Emergency Steering Committee brings together different types of

private sector expertise and resources from city agencies to develop preventive strategies and
appropriate responses to extreme heat for residents. The committee is composed of 43 partners
ranging from the American Red Cross to Verizon.
The New York City Office of Emergency Management (OEM) implements the city's
Heat Emergency Plan (HEP) when certain meteorological triggers are crossed. Various agencies
implement the Heat Emergency Plan during these periods but OEM oversees the process. Among
the areas the OEM oversees are:
•

Special Needs Advance Warning System

•

Open cooling centers

•

Homeless outreach strategies
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•

Issue excavation safety alerts

•

Spray cap programs

•

Issue heat-related information to the public

•

Issue weather emergency declarations

Figure 18 provides descriptions of key proactive and reactive responses to extreme heat.

Figure 18. New York City municipal proactive and reactive actions to extreme heat.

The action described as “Activate the Special Needs Advance Warning System” is one of
the most important steps in protecting the public. Unfortunately, New York City residents are
like much of the rest of the nation, which lacks and understanding of the risks that extreme heat
poses. The underlying problem is that individuals do not consider increased temperatures as
dangerous as other public emergencies like hurricanes. Researchers investigating extreme heat
awareness and protective behaviors in New York City (O'Neill et al., 2009) found that “despite
substantial efforts to prevent heat-related morbidity and mortality, 30% of the most vulnerable
New Yorks in this study population were unaware of warnings about dangerously hot weather in
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2011." Even those who are aware of the warnings may not consider themselves at risk, or
consider air-conditioning to be their main protective strategy during hot weather (Lane et al.,
2014). If individuals and vulnerable populations embraced guidance that is made public,
however, they might embrace a number of solutions that can be used effectively to mitigate the
risk. Therefore, a main challenge is creating an effective communication and educational
campaign that motivates individuals to protect their wellbeing during these periods. New York
City uses public alerts known as “Notify NYC” through its Advanced Warning System, which
uses communication technology to send notifications to individuals, agencies, and healthcare
providers about approaching extreme heat periods.
One of the main platforms that New York City government uses to centralize its
communication strategy is the website Beat the Heat (http://www1.nyc.gov/assets/em/html/beatthe-heat/beattheheat.html). The website is divided into the sub-areas: Find Your Cooling Center,
Be Healthy & Safe, Stay Informed, Help Your Neighbors, Be Ready New York, and Heat Terms.
The website serves as a repository of information about how to mitigate extreme weather, sign
up for notifications sent via different platforms, and assist fellow neighbors. The city of New
York has devised an educational and communication strategy, then, that actively involves
residents in trying to mitigate extreme heat events. As for other mitigation actions, the HEP
engages in a variety of reactive approaches when extreme heat events occur, such as reaching out
to the homeless and opening cooling centers in a variety of locations.
At the infrastructure level, the New York City municipality is also involved in changing
the urban landscape to increase the overall vegetation in each community. The main goal of
NYC’s Green Infrastructure Program is to “construct and maintain a variety of sustainable green
infrastructure practices such as green roofs and green gardens on City owned property, such as
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streets, sidewalks, schools, and public housing” (NYC Green Infrastructure Program, 2018)
based on the notion that "vegetated areas are cooler than impervious surfaces such as pavement,
and alleviate the elevated temperatures found in dense areas" (NYC Green Infrastructure
Program, 2018). The city is actively involved in adapting its infrastructure and landcover to
further alleviate high temperatures.
In June 14, 2017, the city launched a $106 million campaign called Cool Neighborhoods
NYC to further curb the impacts of extreme heat. The comprehensive effort has been described
as a “resiliency program aimed at reducing these heat-related health impacts and deaths, by
lowering temperatures in heat vulnerable neighborhoods, strengthening social networks, and
improving quality of life for all New Yorkers” (Cool Neighborhoods NYC, 2017). Further, the
city is funding about $82 million in street plantings in the South Bronx, Northern Manhattan, and
Central Brooklyn. Another $16 million will be devoted to tree planting in the city’s vast park
system, while an additional $7 million will be used for forest restoration in all the boroughs. The
city is debuting other initiatives within the Cool Neighborhoods programs such as the installation
of cool roofs, the creation of a climate risk training program for health aides, the creation of a
social network that encourages neighbors to check upon other vulnerable neighbors during heat
events, the development of media partnerships that properly communicate the weather risks to
residents, and the reorganization of the Low-Income Energy Assistance Program (LIHEAP),
which allows qualified households to seek financial assistance to help pay air conditioning
expenses. Compared to many other cities, New York has made strides in building resilient
neighborhoods and adapting the infrastructure to mitigate the challenges of a changing climate.
At the same time, a number of social, environmental, and infrastructural solutions may be
considered to further address this public health challenge:
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•

Development of an Extreme Heat Database (EHDV) that stores and distributes heat
related data to the appropriate agencies and the public

•

Examination of previously untapped datasets, such as the NYC 311 and 911 services, to
further understand new spatial patterns that identify vulnerable populations

•

Continuous monitoring of new datasets such as 311 phone calls to assist in the creation of
a feedback system that provides around-the-clock analysis of potential hotspot areas

•

Utilization of qualitative techniques to more deeply understand the needs of the
community

Extreme Heat Database Visualizations
One of the initiatives under the Cool Neighborhoods NYC program, called Collecting
Innovative Data to Deliver Inclusive and Health-focused Climate Policy, focuses on creating and
analyzing different datasets “to collect baseline neighborhood-level temperature information”
(Cool Neighborhoods, NYC, 2017). Essentially, city planners are trying to understand the
different microclimates that exist within each community. The primary purpose of this program
is to enhance decision-making capabilities of planners in regard to new natural-infrastructure
projects and provide continuous monitoring capabilities for each neighborhood. The objectives
of the project should provide countless opportunities to mitigate extreme heat. At the same time,
the program’s stated goals do not outline a centralized database for the information.
In this age of data science, municipalities tend to develop sensor projects within specific
agencies servicing individuals for whom the information is most useful, reflecting the
recognition across different industries of the value of incorporating different datasets into their
work. New York City has developed the NYC OpenData initiative, a repository of the city’s
data that residents and researchers can download. This approach is an excellent first step in
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empowering researchers to conduct better research. At the same time, this approach has one
inherent challenge: t requires that an individual develop a specific analysis for each dataset.
One solution is to develop databases that are not only shared with agencies across the
board and the public, but provides a general type of visualization in order compare different
layers. NYC OpenData does provide capabilities to develop some types of visualizations but the
process is highly cumbersome. An improved visualization system could serve as a dashboard for
individuals to quickly understand specific risk-related datasets. If information were widely
available to the public, it would allow individuals to better educate themselves about specific risk
and also allow researchers to consider other data options to integrate into their work. For
example, the New York municipality has NYC 311 and 911 service data that could be data
mined for extreme heat patterns.
The joint analysis of service data from these two sources could provide useful
information for mitigating the impacts of elevated temperatures. NYC311 allows New York
City residents the ability to report and be informed about non-emergency municipal services.
During a heat wave, city residents might start to inquire about the location of cooling centers.
Further, the city’s 911 service might begin to receive phone calls from the locations of heat stress
victims. The ability of planners to recognize new developing spatial patterns would be highly
useful for identifying new vulnerable areas and deploying the appropriate resources needed by
residents.
Continuous Monitoring Provides Feedback
Systems that are constantly producing pertinent visualizations are an important part of
communicating the underlying risks of extreme heat to the public. For researchers and planners,
this type of system, which provides both environmental and social data, could lead to more
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interdisciplinary research that looks to other factors that influence heat stress in neighborhoods.
In the early 2000s, as Europe began to experience a series of heat waves, for example, countries
recognized the importance of developing heat-wave surveillance systems. The primary principle
behind these systems is to develop a baseline analysis of certain indicators as morbidity
indicators. During the summer and spring season, the systems monitor the correlation between
temperatures and indicators. A substantial difference in the correlations indicates that there is an
increase in the vulnerability risk.
With such a wealth of data, the next step is developing a real-time surveillance system
that is constantly scanning for potential vulnerable populations and allowing planners to
intervene during elevated temperatures. Mortality/morbidity data, hospital admissions, public
health line phone calls, ambulances calls and fire brigade data could serve as data points that
notify the necessary agencies that new vulnerable locations are developing within the city
(World Health Organization, 2008). Essentially, this proactive approach provides opportunities
for interventions in certain vulnerable areas in the cities.
This proactive approach analyzes data in present time opposed to in a reactive fashion. In
the past, the process of identifying vulnerability was based on demographic analysis from the
U.S. Census Bureau. This new type of demographic data is useful for creating profiles of
communities. The challenge is that these profiles are static because the data can become dated,
since urban populations are constantly shifting. The identification of vulnerable populations is
based mainly on quantitative analysis that utilizes demographic data to create socioeconomic
variables that represent communities. One of the drawbacks of this method is that it is difficult to
understand the thoughts and opinions of community members, though such lived experiences
might contribute to increased vulnerability.
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Qualitative Methods for Understanding Vulnerability
Qualitative research can be useful to identify and understand the underlying behaviors
contributing to increasing risks in certain communities. Qualitative research consists of
exploratory techniques, such as group discussions, individual or group interviews, and
observational studies intended to understand the views of a certain subject. Researchers are able
to understand the underlying human behaviors that motivate an individual’s actions. For
example, one of the primary challenges with certain vulnerable populations such as senior
citizens is that they perceive the risk of extreme heat as a factor that impacts other people within
their group but not themselves.
In the case of senior citizens, the primary challenge is that risk perception is not accurate.
Research that is more focused on understanding the human behavior that leads to increasing
vulnerability would be highly useful for understanding distinct neighborhoods. New York City
has an incredibly diverse demographic population. Qualitative research methods should be
deployed to gain knowledge through the following types of questions:
•

What human behaviors increase vulnerability?

•

What are behavioral coping mechanisms do people use to mitigate elevated
temperatures?

•

What temperatures do people perceive as a risk to their personal health?

•

Do people understand the impacts of extreme heat on their bodies?
A qualitative approach to these questions could generate in-depth insights that could

deepen the knowledge revealed by other datasets. In combination, qualitative and quantitative
research methods provide a more meaningful representation of vulnerability than simply
representing individuals or communities with socioeconomic statistics. Certain New York City
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neighborhoods have higher populations of senior citizens, for example, that would benefit from
specific program initiatives carefully designed for this population. A community project could be
created, for example, in which volunteers in the neighborhood check in on their fellow
neighbors. Volunteers could ensure that senior citizens have all the necessities like appropriate
amounts of water, food, and access to air conditioning to withstand the heat. This type of
monitoring program could help to ensure that vulnerable elderly populations have all their
needed necessities. At the same time, an indirect benefit of these types of programs, especially
in large cities like New York City, is that they foster better community relationships.
Broader Impact of the Research
In the last decade, the natural sciences and engineering fields have seen gradual increases
in interdisciplinary research (Van Noorden, 2015). This study is a contribution to this rapidly
evolving interdisciplinary paradigm. As New York City’s population continues to increase and
climate change continues to bring public health challenges, this type of interdisciplinary research
will become even more prevalent.
In cities especially, as problems become more complex, the solutions will have to be
more integrative in manner. For urban environments, solutions must operate on social, physical,
and environmental levels. As urban populations gain density, and land becomes less available,
integrative research and sustainable development will be ever more important. Further, city
planners will need to understand that new development must be balanced for social,
environmental, and infrastructure impacts. Choices will need to be made that consider
sustainable development practices in order to ensure that cities grow in a progressive manner.
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Limitations and Future Research
From the onset, this study was considered to be more of an exploratory data analysis due
to the limitations on the data. In the future, the HAM and HMM regression results can be
improved by finding new datasets with more observations, using a finer resolution of analysis,
and analyzing the results on a longer time horizon.
One of the main challenges in this study was finding a large dataset with which to
conduct the analysis. There were 42 observations for the dependent variable of hospital
emergency visits related to heat stress. Certain models were considered statistically significant
but some of the underlying components were inconclusive, and additional data would have
provided more conclusive results. The data availability problem also made it difficult to conduct
a thorough analysis over a longer period of time. A more compelling analysis would obtain
results for the HAM, HMM, and HVI models over a four-year time period during the summer
months. Another method to further validate or enhance the study would be to use anonymous
geocoded hospitalization records that contain information about potential heat stress records.
Such data would be useful for building a more specific social vulnerability index, thus validating
the model. The hospitalization data, for example, could provide insights into the selection of the
ideal variables by which to determine heat stress vulnerability, thus enhancing the correlation
between the dependent and SOVI variable.
Another challenge was the UHF unit of analysis, which further complicated the research.
The dependent variable scale of analysis was the UHF unit, which is substantially larger than a
census tract. UHF is equivalent to approximately fifty census tracts or a few neighborhoods in
New York City. The challenge of the UHF zones is that due to their overall size, certain
neighborhoods could not be accurately analyzed because the unit of analysis is too coarse. For
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example, there are many locations within New York City where an affluent neighborhood resides
in the vicinity of a poor neighborhood. Therefore, the spatial patterns could not be properly
analyzed.
It is important to recognize the potential challenges with the research. At the same time,
for the sake of experimentation and considering future studies, the heat stress emergency
hospitalizations visits years could be averaged out from 2005 to 2013. In theory, a longer time
horizon is a better representation of the data. If the social vulnerability, temperature, and
vegetation were held constant, the analysis indicates that an R-square is higher for the control
equation. Although this test is fraught with statistical challenges, it has the potential to provide
useful insights.
In the future, public health researchers will have more opportunities to leverage remote
sensing and ground sensors on the same temporal resolution. This study took an ambitious path
in trying to leverage the existing data. Overall, the research served more as an exploratory data
analysis of potential new types of analysis that researchers concerned with social and
environmental impacts of climate change may utilize.
Conclusion
The history of urbanization is associated with a wide range of economic, technological,
and social transformations. For New York City and other urban regions around the globe, such
changes, coupled with the environmental hazards of climate change, have increased the
frequency of heat events, increasing the vulnerability of urban residents. In order to mitigate
these conditions and improve the quality of life of urban residents, these developing challenges
and potential solutions must be examined.
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In this dissertation, the primary objective was to investigate a method for using
environmental and socioeconomic variables associated with heat stress hospitalizations to
identify vulnerable populations in New York City. The HMM methodology were tested, using
the HAM methodology as a control, to determine if the use of two temperatures variables
improved the predictive value of the regression and provided additional insights when examining
the underlying components. The second objective involved identifying a neighborhood that
would be suitable for green infrastructure investment to enhance the urban environment and
potentially reduce public health concerns. The third objective of the study was to evidence-based
suggestions that could be used by New York City planner to implement to further minimize heat
stress vulnerability.
Due to the limited observations of the dataset, the findings serve as an exploratory data
analysis pointing to particular enhancements. For this research, the HAM model utilizing the
Landsat variable was the control equation. Comparing the HAM model (with four variables) and
the HMM, the results of the spatial regression improved slightly when including two variables.
Though the underlying components in the improved techniques did not perform as well as
expected, the inconclusive results provide guidance in how to proceed, such as examining the
technique with a dataset that has more observations. In any case, for certain neighborhoods like
Mott Haven-Port Morris, the dissertation results can be validated somewhat because other public
health analyses indicate these neighborhoods have a range of health risks.
From an urban planning perspective, green infrastructure provides solutions to reduce the
heat stress vulnerability of at-risk populations. In this modeling exercise, the urban heat island
impacts in the best-case scenario were reduced by 17% for the neighborhood in question,
impacting a large percentage of the community. The findings also suggest that heat stress
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vulnerability solutions, in comparison with solutions for other public health concerns, may be
interdisciplinary in nature. For example, the implementation of pocket parks provides a solution
that helps reduce the urban heat island impact while at the same time creating an area that
strengthens community relationships and improves the mental and physical health of residents,
which access to greenspaces has been shown to do. Qualitative research methods are well-suited
to revealing at a deeper level how people minimize heat stress, and with such insights, decision
makers can provide other adaptive solutions in addition to pocket parks, based specifically on the
analysis. Thus, an opportunity exists to further transform cities to make them more livable while
also minimizing the incidence of heat stress.
Researchers project the continued expansion of urban environments across the nation. As
population density increases and the urban landscape changes, the need for studies like this will
become more pressing for policymakers, city managers, urban planners, and others. Though the
small dataset in this dissertation limited the outcomes, a larger dataset and additional data (like
hospitalization records), will enable researchers to examine other fundamental research
questions. Do the HAM and HMM models provide conclusive results? Can new types of green
infrastructure manage more runoff? Can heat stress vulnerability be further reduced through
improved communication strategies? Can wearable technology be utilized to minimize heat
stress vulnerability? These types of urban challenges should be seen as opportunities, both to
minimize heat-related challenges to public health as well as alter the urban landscape in ways
that improve the lived experience of all residents.
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